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ABSTRACT 

The topic of the Ph.D project focuses on the modelling of the soil-water dynamics inside an instrumented 
embankment section along Secchia River (Cavezzo (MO)) in the period from 2017 to 2018 and the 
quantification of the performance of the direct and indirect simulations in terms of observed-simulated 
behavior. 
The commercial code Hydrus2D by Pc-Progress has been chosen to run the direct simulations. Different 
soil-hydraulic models have been adopted and compared. 
The parameters of the different hydraulic models are calibrated using a local optimization method based on 
the Levenberg - Marquardt algorithm implemented in the Hydrus package. The indirect estimations of the 
model parameters are obtained from the minimization of an objective function starting from an initial set 
of the parameters and a dataset of observation points from in situ monitoring. 
The calibration program is carried out using different types of dataset of observation points, different 
weighting distributions, different combinations of optimized parameters and different initial sets of 
parameters. The final goal is an in-depth study of the potentialities and limits of the inverse analysis when 
applied to a complex geotechnical problem as the case study (transient hydraulic and atmospheric 
boundary conditions, multilayered section, long period of simulation). 
At first a qualitative then a quantitative methodology, by means of a set of proper indices/metrics, have 
been presented to investigate the behaviour of the large pool of indirect simulations in order to identify the 
optimized set/s of parameters and the hydraulic model that better simulates the bank behavior. 
The predictive capabilities of the optimized models have been tested in the validation phase upon a new 
simulation period (2018-2019) and a quantitative estimation of the direct simulations performance is 
carried out similarly to what has been done in the calibration phase. 
 

The second part of the research focuses on the effects of plant roots and soil-vegetation-atmosphere 
interaction on the spatial and temporal distribution of pore water pressure in soil. The investigated soil 
belongs to the West Charlestown Bypass embankment, part of the State Highway 23, Newcastle, Australia, 
that showed in the past years shallow instabilities and the use of long stem planting is intended to stabilize 
the slope. The chosen plant species is the Malaleuca Styphelioides, native of eastern Australia. 
The research activity included the design and realization of a specific large scale apparatus for laboratory 
experiments. Local suction measurements at certain intervals of depth and radial distances from the root 
bulb are recorded within the vegetated soil mass under controlled boundary conditions. The experiments 
are then reproduced numerically using the commercial code Hydrus 2D that allows to simulate the plant 
root water uptake (RWU) contribution. Laboratory data are used to calibrate the RWU parameters and the 
parameters of the hydraulic model. In parallel, the physical and hydraulic properties of the investigated soil 
have been obtained by proper laboratory tests. 
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GENERAL INTRODUCTION TO THE MAIN TOPICS OF THE RESEARCH (PARTS I AND II) 

The research project focuses on two main topics:  

- The modelling of the hydraulic and retention behaviour of an instrumented bank section along 

Secchia River (Cavezzo (MO)) under transient seepage conditions. The soil hydraulic properties for 

different hydraulic models are calibrated using an optimization algorithm based on the Levenberg- 

Marquardt method implemented in the commercial code Hydrus 2D by Pc-Progress. The calibration 

process is carried out considering various assumptions on observation datasets, different weighting 

distributions, combination of optimized parameters and initial guess of the parameters. The 

research is configured as an in-depth study of the potentialities and limits of the use of the inverse 

analysis method when applied to a complex geotechnical problem as the presented case study. A 

methodological approach for quantifying the quality of predictions of a large pool of indirect 

simulations is presented in order to identify the optimized set/s of parameters and the hydraulic 

model that better simulates the riverbank behaviour. The calibration and validation processes are 

firstly presented in theory then applied practically to the large set of available indirect simulations. 

The presented research project has been carried out in Bologna University, School of Engineering, 

under the supervision of prof. Guido Gottardi and dr Carmine Gerardo Gragnano. 

The topic that has been briefly presented here will be discussed in every detail in PART I of the present 

thesis. 

- The RMS project focuses on the investigation of the effects of the evapo-transpiration contribution 

of plants on the spatial and temporal distribution of pore water pressure in soil by means of the 

design and realization of a large-scale apparatus. The apparatus consists of a garden bed with a 

plant in the middle; sensors monitoring the soil water potential at certain depths and radial 

distance from the root bulb are installed. Different boundary conditions are imposed to the 

laboratory apparatus and experimental data are collected in time. The laboratory experiments are 

reproduced numerically using the commercial code Hydrus 2D by Pc-Progress. An in-depth 

calibration of the soil hydraulic properties by means of inverse analysis and the elaboration of a 

RWU spatial distribution initially by means of spatial distribution functions available in literature 

(Vrugt et al, 2001) then using experimental laboratory data are reported. Potentialities and limits in 

the use of available root spatial distribution functions are discussed. The presented research 

project has been carried out during the research period in the Priority Research Centre for 

Geotechnical Science and Engineering, University of Newcastle, Australia under the supervision of 

prof. Olivier Buzzi. 

The topic that has been briefly presented here will be discussed in every detail in PART II of the present 

thesis. 

Looking at similarities and differences between the two investigated case studies: 

-both the topics are hydro-thermal-mechanical problems. 
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-the riverbank in PART I is subjected to unsaturated conditions as effect of river level fluctuations while the 

large scale apparatus in PART II is subjected to variable soil saturation subsequent to water level 

imposition. 

-the riverbank is subjected to transient seepage conditions, the large scale apparatus when boundary 

conditions are applied is subjected to a transient seepage until the establishment of steady state 

conditions. 

-for both the case studies, the mechanical and hydraulic parameters are dependent on soil saturation and 

for the large scale apparatus also on the root bulb influence. 

-the riverbank section is a multi-layered domain and soil vertical and horizontal intrinsic heterogeneity is 

encountered within the same layer while the large scale apparatus is filled with homogeneous soil and a 

single layer has to be investigated. Riverbank soil heterogeneity is a topic not addresses in the research and 

layers are assumed as homogeneous considering the average of the hydraulic parameters obtained from 

laboratory tests for each layer. 

-the installed sensors in the riverbank section collect monitoring data of water potential and water content 

in time, while in the large scale apparatus only water potential data are recorded. 

-to model the behaviour of the riverbank section it is relevant to consider the soil hysteretic behaviour 

while for the RMS project the root water uptake by plant transpiration has to be computed with higher 

accuracy. 

-in the large scale apparatus the boundary conditions are imposed (water level on the bottom boundary 

and relative humidity on the upper boundary). In the riverbank section boundary conditions are controlled 

(as the hydrometric water level of the river), partly controlled (atmospheric boundary conditions controlled 

by means of a meteorological station, simplifications are adopted for the computation of the 

evapotranspiration contribution), or uncontrolled (as in the bottom boundary of the model). From all this, 

we can understand the different complexity of the two problems: in the RMS project all the variable are 

controlled (temperature, humidity, suction, radiation, wind, water level imposed, lateral boundary 

conditions) due to the fact that is a laboratory experiment while in the riverbank project uncertainties on 

the boundary conditions are greater as in the majority of the in situ experiments. 

-the evapo-transpiration contribution due to vegetation cover has been addressed in both the project but 

with a different degree of accuracy: in the RMS project the focus is on the plant activity so the degree of 

accuracy is extremely high while in the riverbank section the lack of experimental information leads to the 

adoption of simplifications. 

-both the projects use input hydraulic parameters obtained by laboratory tests (evaporation tests) but 

obtained with different techniques: in the RMS project tensiometer and chilled mirror device (WP4 by 

Decagon Device) readings and the hand spry method have been used to investigate the SWRC while for the 

riverbank project the soil moisture release curve Hyprop by Meter and WP4. 

-a calibration procedure has been applied to both the projects but with a different degree of complexity: 

the RMS project requires the optimization of one single layer (6 hydraulic parameters) while for the 

riverbank section the optimization of 4 layers (24 to 40 parameters). Given the lower complexity of the 

laboratory experiment of PART II and the lower number of indirect simulations performed, the evaluation 
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procedure used is simpler and quicker with respect to the one of PART I even if based on the same 

indices/metrics and the same base concepts.  

-the calibration procedure applied to the riverbank project focuses on the optimization of the hydraulic 

parameters while in the RMS project on the optimization of hydraulic parameters and RWU spatial 

parameters. 

-both the projects have as final goal the elaboration of a reliable pore water pressure distribution in certain 

time instants of the simulation that could be used as initial conditions for future stability analysis. Stability 

analysis could be performed on the investigated bank section along Secchia River and, for the RMS project, 

on the embankment along West Charlestown Bypass in Newcastle city which showed stability problems 

and long stem plantings have been proposed as in situ interventions. Stability analyses have not been 

performed in the present thesis and they stand as future developments of the research. 

From this brief presentation, the strong connections between the two main topics of the research could be 

deduced. Both the topics are moving inside the same field, unsaturated soil mechanics and modelling of the 

water dynamics in transient conditions. While PART II focuses mainly on the simulation of the seepage 

phenomenon and the pwp distribution in close proximity of a root bulb to reproduce the conditions that 

usually occur in the first meter of soil, in PART I the focus is on the simulation of the pwp distribution in the 

riverbank body below the first meters of soil where the influence of the plants transpiration and 

evaporation from the soil surface are minimal. This is due to a lower number of information available from 

in situ monitoring that does not allow an accurate simulation of the evapo-transpirative contribution. 

Despite the fact that the chosen plant in PART II does not match the typical riparian vegetation in the Po 

Basin, the experimental setup and following procedure of RWU parameters calibration could be applied 

easily also to the case study of the riverbank section and its vegetative cover. The information obtained in 

the laboratory experiments could be integrated in a possible future numerical model of the investigated 

riverbank in terms of evapo-transpirative contribution in time to be applied uniformly on the vegetated 

atmospheric boundary or more precisely punctually in the domain in proximity of each riparian plant. The 

choice of which approach has to be used depends on the accuracy that is targeted. Finally, the two models, 

simulating the seepage in the bank body and the evapo-transpirative phenomenon close to the soil surface, 

together are able to capture in a very accurate way the pwp distribution in time of the investigated 

geotechnical problem (riverbank section subjected to transient boundary conditions). The pwp distribution, 

matching with accuracy the real monitored phenomena in the most interesting time instants of the 

simulation, could be imported as initial conditions for riverbank stability analyses which are the final 

purpose of these detailed numerical analyses. From all this, it is possible to understand that both the topics 

have the same ultimate goal and each of them has potentialities which balance the limits of the other. 

  



 

 
18 

 

 

 

PART I 

  



 

 
19 

 

1 INTRODUCTION TO PART I 

River floods are a worldwide natural hazards with huge socio - economic impacts that are expected to rise 

in time due to population increase (urbanisation of flood-prone territory), economic growth (increase of 

property values), climate change (Tanoue et al, 2016), improvement in collecting and reporting flood 

disasters (Peduzzi et al, 2009) and less awareness of the population about natural risks. Flood, as defined by 

Directive 2007/60/EC (European Directive) is the temporary coverage of areas by water from rivers, 

streams, canals, lakes and sea for coastal areas. The present dissertation mainly focuses on floods from 

rivers and torrents. 

The risk drivers used to understand and interpret these complex phenomena are ΨΩhazardΩΩΣ ΨΩexposureΩΩ, 

ΨΩvulnerabilityΩΩ ŀƴŘ ΨΩresilienceΩΩ. The summary definitions of these concepts are given in the following for 

sake of clarity.  

The concept of ΨΩhazardΩΩ is linked to the possible occurrence of a phenomenon, process or human activity 

that may cause health impacts, injuries, loss of lives, environmental degradation and economic losses. 

Hazards could act alone or in combination, in one episode or more episodes sequential in time, and are 

defined by their location, origin, magnitude, frequency and probability. Hazard is often and incorrectly 

ƻǾŜǊƭŀƛŘ ǘƻ ǘƘŜ ŎƻƴŎŜǇǘ ƻŦ ǊƛǎƪΣ ōǳǘ ƛǘΩǎ ŎǳǊǊŜƴǘƭȅ ǊŜŎƻƎƴƛȊŜŘ ǘƘŀǘ ƘŀȊŀǊŘ ƛǎ ƻƴƭȅ ŀ ŦŀŎǘƻǊ ƻŦ ǘƘŜ ƻǾŜǊŀƭƭ ǊƛǎƪΦ 

ΨΩExposureΩΩ ǊŜŦŜǊǎ ǘƻ ǇŜƻǇƭŜΣ ǇǊƻǇŜǊǘȅΣ ƛƴŦǊŀǎǘǊǳŎǘǳǊŜΣ ƘƻǳǎƛƴƎΣ ǎȅǎǘŜƳǎ ŀƴŘ ŀƭƭ ǘƘŜ ƘǳƳŀƴ ŀŎǘƛǾƛǘƛŜǎ ƭƻŎŀǘŜŘ 

in the hazard-prone areas that could be potentially affected. ΨΩVulnerabilityΩΩ ǊŜŦŜǊǎ ǘƻ ǘƘŜ ŎƘŀǊŀŎǘŜǊƛǎǘƛŎ ƻŦ ŀ 

community, human activity, system or area that makes it susceptible of hazard damages. Vulnerability is 

multidimensional in its nature because it includes physical, social, economic, environmental, cultural and 

institutional factors. hŦǘŜƴ ΨΩexposureΩΩ ƛǎ ƳƛǎǘŀƪŜƴƭȅ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ ǘƘŜ ǘŜǊƳ ΨΩvulnerabilityΩΩ. Exposure is a 

necessary but not sufficient factor of the risk. It is possible to be exposed but not vulnerable (e.g. adopting 

mitigation measures that zero the vulnerability in exposed areas susceptible of hazards). 

¢ƘŜ ΨΩresilienceΩΩ ƛǎ ǘƘŜ ŀōƛƭƛǘȅ ƻŦ ŀ ŎƻƳƳǳƴƛǘȅΣ ǎƻŎƛŜǘȅΣ ǎȅǎǘŜƳ ǘƻ ǊŜŎƻǾŜǊ ŦǊƻƳ ǘƘŜ ŎƻƴǎŜǉǳŜƴŎŜǎ ƻŦ ŀƴ 

hazard in a short time and in an efficient manner restarting vital infrastructures and services. All the 

ŎƻƴǘǊƻƭƭƛƴƎ Ǌƛǎƪ ŦŀŎǘƻǊǎ όΩΩhazardΩΩΣ ΨΩexposureΩΩΣ ΨΩvulnerabilityΩΩ) change temporally and geographically and a 

huge effort has been done in the past years to assess the spatial-temporal characteristic of the flood hazard 

under actual and possible future climatic scenarios at the global scale (Tanoue et al, 2016, Ward et al, 2013, 

Hirabayashiet al, 2013, Winsemius et al,2016, among others). The final goal is the elaboration of a global 

risk map to guide disaster risk reduction policies aimed at preventing new disaster risks and reducing 

existing ones, contributing to resilience strengthening and a future sustainable development of countries.  

Italy has experienced a strong delay in the promulgation of norms addressed to natural hazard risk 

reduction (landslides and floods) in urban planning. Law n° 183 (May,18,1989) is the first national 

regulation that identifies the hydrographic basin as a territorial entity to be addressed and coordinated as a 

whole by the Basin Authority by means of a Basin Plan. Despite that, the law has full implementation only 

after the catastrophic event of Sarno (May,5,1998). L. 267/1998 gives acceleration on the individuation and 

classification of the areas subjected to hydrogeological hazards and the elaboration of PAI (Plans for the 
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Hydrogeological Asset of Basins). Directive 2007/60/CE (Floods directive - FD) implemented in Italy with the 

Decree 49 (23/2/2010) defined new common lows across Europe for the evaluation and management of 

the flood risk introducing three hydraulic hazard and risk scenarios and the Management Plans of the flood 

risk.  

In 2008, the Italian Institute for Environmental Protection and Research (ISPRA) has been established 

(Decree n° 112 of 25 June 2008). In 2015, in the field of the hydrogeological risk, ISPRA mapped the entire 

national territory using the information collected by Basin authorities, Regions and independent provinces 

according to three scenarios (P1,P2,P3). 

In 2017 ISPRA updated the flood hazard map of the national territory using the same different risk 

scenarios (Trigila et al, 2018): P3, with return time between 20 and 50 years (frequent floods), P2 with a 

return time between 100 and 200 years (average probability of flood occurrence) and P1 (low probability of 

floods or extreme event scenarios). The conclusions that could be drawn from this study are extremely 

alarming: 4,1% of the national territory has a P3 hydraulic hazard, 8,4% a P2 and 10,9% a P1 flood 

probability. Emilia Romagna, region in the northern Italy, has a territorial extension of 22452 km2 and 

possesses the Italian primacy of the highest rate of territory in danger (11,1%P3;45,7%P2, 35,5%P1) (Trigila 

et al, 2018; Trigila et al, 2015). The considerable extension of area with P2 hazard in E.R. is connected to the 

main and secondary natural hydrographic network and the dense network of artificial drainage channels 

(Trigila et al, 2015). 

To meet the need to better manage the hydrogeological risk, Italian public bodies were established in order 

to be in charge of large river basins, carrying out infrastructure maintenance and risk mitigation 

interventions, funding research activities for early warning systems and emergency plans. AIPo (the 

interregional agency for the Po River) deals with the management of the Po River and its basin which covers 

a huge surface (74 000 km2) divided between six different Italian regions and host a population of about 16 

million of people. 

1_1 AN OVERVIEW OF THE PROBLEM 

The construction of embankments along river banks or costal area is a very old practice probably dating 

back to the dawn of civilization. The main function of these earthen retaining structures is to limit a 

seepage process through it, which is guaranteed by a low or very low permeability of the construction 

materials used. For this reason fine-grained materials with a low or very low fraction of coarse-grain 

material are used. In the majority of the cases, for the construction of artificial embankments, the material 

chosen is the one available on site, in order to limit the cost of the intervention. To increase the levee 

performance, sometimes a cover or an inner layer with better characteristic is chosen and a compaction 

phase is used to reduce the hydraulic permeability of the soil. A natural slope has to be addressed with 

even more care due to the higher spatial variability that is likely to be encountered in the inner layers. Even 

within a so-ŎŀƭƭŜŘ ΩΩ ƘƻƳƻƎŜƴŜƻǳǎ ƭŀȅŜǊΩΩΣ ǎƻƛƭ ǇǊƻǇŜǊǘƛŜǎ ǳǎǳŀƭƭȅ ǎƘƻǿ certain variability.  

Compacted soil, typical of river embankments and transportation infrastructures, is unsaturated in the 

construction phase, but due to microstructure changes (loading), hydrometric fluctuation of the river level 

and weather and vegetation conditions (rainfall, evaporation and transpiration contributions) their degree 

of saturation could change considerably in time (Bicalho et al, 2018). The same conclusion could be 

extended to natural soils. Since the key parameter in slope stability is the soil strength which varies with 
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suction, water content and degree of saturation, it is of primary importance to have a good and reliable 

estimation of the spatial and temporal distribution of these variables (Rocchi et al, 2018a). However this 

problem seems yet a huge task for research and standard geotechnical studies because it requires site 

monitoring and advanced laboratory tests (Gragnano et al, 2018). The development of high capacity 

tensiometers (Mendes et al, 2008) and the use of instrumentations developed for agricultural purposes for 

the monitoring of superficial soils (Bittelli, 2011) and applied to monitor deeper soil layers are useful tools 

to achieve this goal (Rocchi et al, 2018b). 

As suggested by Gottardi et al (2016), initial and boundary conditions have to be assessed properly because 

they can influence strongly global safety conditions. The design of earthen structures is entrusted to 

stability analyses based on simplified hypothesis such as steady state conditions associated with the 

expected flooding peak and the limiting situations of dry and total saturation during rapid drawdown of the 

river (Dapporto et al, 2003; Calabresi et al, 2013), disregarding issues related to soil partial saturation. All 

these assumptions lead to over-conservative results in terms of probability of failure (Gottardi and 

Gragnano, 2016). The assumption of steady state conditions equal to the maximum peak expected could be 

reasonable for coarse-grained embankment but not for fine-grained soil for which the penetration of the 

saturation line is poor and the embankment remains mostly in unsaturated conditions (Calabresi et al, 

2013). For this reason, fine-grained soil embankment fears persistent flooding event of moderate water 

level instead of high water level occurred in a short period of time (Calabresi et al, 2013). Moreover, Rinaldi 

et al (2004) underlines the importance of taking into consideration in bank stability analysis the complex 

interaction between confining pressure given by the river and the pore water distribution in the bank. 

Another crucial aspect is the estimation of the transpiration contribution given by plants and the root 

reinforcement effect on slope stability due to an increase in soil shear strength. 

The global picture that comes out from the present literary review is of a very complex geotechnical 

problem, with a number of variable aspects to take into consideration for a reliable stability analysis 

elaboration. Among other aspects the highly complex relation between infiltration, water content and pore 

pressure change that is non-linear and hysteretic (Toll et al, 2016). 

Realistic hypothesis on initial conditions and on transient boundary conditions (transient seepage 

conditions) together with an in depth study of unsaturated and heterogeneous soils should be at the base 

of any reliable risk susceptibility analysis (Gottardi and Gragnano, 2016).  

Recently, a consistent number of studies has focused on positive and negative pore water pressure (Simon 

et al, 2000; Rinaldi and Casagli, 1999 among others) incorporating their contributions in banks stability. 

These new discoveries allow reconsidering the simplified hypothesis previously adopted in various bank 

stability methods (Rinaldi et al, 2004). In practice, slope stability is assessed using numerical analysis 

performed by means of Limit Equilibrium Analysis, Finite or Discrete Element Methods. Finite Element 

Methods are used to determine the solution in terms of pore water pressure and water content 

distribution calculated for each node of a specific domain. 
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1_2 PROJECT BACKGROUND AND AIMS 

The evaluation of model behaviour and performance is performed commonly comparing observed and 

simulated data and investigating the closeness between them. Observed data are obtained by field 

measurements made within the domain. 

But, the general approach, based on the inspection simulated-observed data, allows the modeller to 

formulate a subjective assessment of the model behaviour, usually dependent on the systematic or timing 

over or under-prediction of the model. To evaluate objectively model behaviour, it is necessary to make a 

mathematical estimate of the error between simulated and observed data. The majority of the evaluations 

of model behaviour performed in literature are carried out presenting only graphical comparison and 

subjective assessments. The diagnosis that can be made from a graph need to be supported by quantitative 

measures. 

Statistical metrics such as efficiency criteria, accuracy criteria, model selection criteria, statistical 

significance criteria represent powerful means to perform vigorously a model evaluation. The importance 

of using a large number of metrics has been already stated in different research field but there is a general 

lack of guidance in how to select the actual metrics to use. Each metric has specific pros and cons which 

have to be taken into consideration during model evaluation. In fact different metrics put emphasis on 

different systematic or dynamic behavioural error of the model. It is therefore important to compare the 

relative importance and suitability of each of these techniques to evaluate model prediction. 

Several reasons lead to evaluate the performance of the model using sets of metrics/indices: 

(1) It is necessary to estimate quantitatively the model ability to reproduce historic data. In other words, it 

is necessary to evaluate the performance of a direct simulation based on observation points (laboratory or 

in situ data). The use of a set of metrics/indices in these cases gives insights on: 

¶ The type of data that are better or worse represented by the model (for example suction or water 

content information). 

¶ In which temporal periods of the simulation the phenomena are better or worse represented (for 

example which flood events, which off-peak periods..) in order to focus the effort of a calibration 

phase on those periods of greater interest for the purposes of a certain study. 

¶ Which observation points (sensors) are better or worse represented by the model in order to 

understand if the problem is related to the reliability and accuracy of the recorded data or on the 

ability of the model to reproduce them. 

¶ Which parts of the domain (for example layers) are better or worse represented by the model in 

order to understand where to concentrate the efforts of the calibration phase. 

(2) It is necessary to compare the same direct simulation under different constitutive models representing 

the soil behaviour (for example different hydraulic models or different mechanical constitutive models), in 

order to select the one/s that is/are able to represent optimally historic data. 

(3) It is necessary to evaluate the performance of indirect simulations (inverse analysis) in order to select 

the optimized set/s of parameters that enhance the performance of the direct simulation from which the 

calibration phase has started. 
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(4) It is necessary to evaluate improvements in the modelling approach obtained performing structural 

modification to the model (different from changes in the model parameters considered in point (2)), 

including newly and additional observation information and representing important spatial and temporal 

characteristics. 

(5) It is necessary to estimate quantitatively the model ability to reproduce future data (the predictive 

capability of the model). In other words, it is necessary to evaluate the performance of a direct simulation 

during the validation phase. 

(6) It is necessary to compare the actual model effort/performance with previously done studies. 

The aims of the present study are the following: 

¶ To perform a quantitative evaluation of a direct simulation of the investigated phenomena 

(flooding history of the year 2018) using different hydraulic models, using different typologies of 

recorded data (pressure head or water content), different observation points (sensors) and trying 

to concentrate the attention on the behaviour of the simulation in the different temporal instants 

and locations of the modelling domain. Points (1) and (2) of the previous list. 

¶ To elaborate and evaluate a protocol for analyzing the performance of indirect simulations and for 

guiding the calibration phase of the investigated simulation by means of a quantitative and 

objective procedure.  

¶ To perform a quantitative evaluation of a direct simulation on a newly investigated period 

(flooding history of the year 2019) using the different set/s of optimized hydraulic parameters 

selected in the previous calibration phase. In fact, a good calibration procedure is necessary to have 

a robust and flexible model whose predictive capacities have to be tested in a proper validation 

phase. Point (5) of the previous list. As stated by Thirel et al (2015), calibration works to 

ŀŎŎƻƳƳƻŘŀǘŜ ǊŜŀƭƛǘȅ ōǳǘ ƛǎ ƛƳǇƻǊǘŀƴǘ ǘƘŀǘ ƛǘ ŘƻŜǎƴΩǘ ǊŜƳŀƛƴ ΨΩŀ ƳŀǘƘŜƳŀǘƛŎŀƭ ƳŀǊƛƻƴŜǘǘŜ ŀōƭŜ ǘƻ 

dance to a tune it has already heardΩΩ. 

The present work stands as an interesting case study of application of inverse analysis using the 

commercial code Hydrus 2D by PC-Progress. Hydrus 2D is a powerful numerical model that can be used for 

both direct problems when the initial and boundary conditions for all involved processes and corresponding 

model parameters are known, as well as inverse problems when some of the parameters need to be 

calibrated or estimated from observed data. 

All these aspects are dealt in a problem of high complexity (multi-layered domain, transient phenomena). 

The topics are addressed by means of an evaluation and critical analysis of the indirect simulations output 

using different sets of statistical metrics/indices and different types of plots/tables which are able to 

highlight different aspects of the performed indirect simulations. The author believes that this particular 

case study is able to help future modellers to analyse quantitatively their model outputs through a clear 

framework because pros and cons, difficulties and potentialities encountered in a parameters optimization 

procedure using the commercial code Hydrus 2D when dealing with a complex problem, are encountered 

and faced.  

The present work is subdivided in the following chapters: 
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In chapter §1 and §2 the main theoretical background on which the research work is based is presented 

and examined in detailΦ Lƴ ǇŀǊǘƛŎǳƭŀǊ ŎƘŀǇǘŜǊ Ϡм ƘƛƎƘƭƛƎƘǘǎ ǘƘŜ ǊŜƭŜǾŀƴŎŜ ƻŦ ǘƘŜ ǘƻǇƛŎ ΨΩǇǊƻǘŜŎǘƛƻƴ ƻŦ ǘƘŜ 

ǘŜǊǊƛǘƻǊȅΩΩ ǘƻƎŜǘƘŜǊ ǿƛǘƘ ƛǘǎ Ƴŀƛƴ ǎƻŎƛŀƭ ŀƴŘ ŜŎƻƴƻƳƛŎ ƛƳǇŀŎǘǎ ŀƴŘ Ƙƻǿ ǘƘƛǎ ǇǊƻōƭŜƳ Ƙŀǎ been addressed by 

the Italian and European governments. Moreover the meaning of the main risk drivers (hazard, exposure, 

vulnerability and resilience) has been presented and discussed. In chapter §1_1, the topic of the 

embankment stability has been exposed highlighting the difficulties and complexity of the problem to be 

described which includes the description of many phenomena such as the transpiration contribution of 

plants, the evaporation contribution from the soil surface, rainfall infiltration and infiltration and seepage 

due to river hydraulic level variations and animal activity (burrows formed in the river body). Complexity 

could be found also in the model parameters that change in space and time due to soil heterogeneity and 

soil hysteretic behaviour. The first attempts made in the past to address the problem using simplified 

hypothesis together with the new attempts to consider the phenomenon in its whole complexity are 

discussed.  

Chapter §2 contains the literary review with the definition of the main soil properties as the matric suction 

and the osmotic suction (chapter §2_1), the definition of the SWRC and the hydraulic conductivity function 

(chapter §2_2) and the main hydraulic models to describe the SWRC as the van Genuchten model (chapter 

§2_3); the VGM considering an air-entry value of 2cm (chapter §2_4), the MVG of Vogel & Cislerova (1988) 

(subchapter §2_4_1) and the MVG of Vogel et al (2000) (chapter §2_4_2) and the VGM considering the 

hysteretic behaviour (both the parameters of the main drying and the main wetting curve enter in the 

SWRC equation). Chapter §2_7 presents the Richards equation in its different forms and the intrinsic 

problems related to its resolution are discussed. In chapter §2_7 the commercial code Hydrus 2D is 

presented with its main potentialities in the direct and indirect (inverse analysis) problem. In sub-chapter 

§2_7_2, the full set of criteria/indices that are used in the following are presented giving details on pros 

and cons of their use for model performance evaluation divided in the main typologies: accuracy measures 

(§2_7_2_1); efficiency criteria (§2_7_2_2); Model selection criteria (§2_7_2_3) and statistical significance 

criteria (§2_7_2_4).  

Chapter §3 presents the case study together with the individuation of the geographic location of the 

instrumented bank section, the geometry of the section and the subdivision in layers performed through 

CPTUs interpretation and the results of the physical characterization of the different layers. In chapter 

§3_1, the installed sensors are presented in terms of position in the bank section, accuracy and calibration 

procedure adopted. Information are given also on the installation procedure adopted and the main 

problems encountered. Chapter §3_2 focuses on the laboratory procedure adopted to characterize 

hydraulically the investigated soils and the hydraulic parameters obtained from laboratory SWRC are 

presented together with a statistical analysis of the results. 

Chapter §4 discusses the preliminary tests performed on the different metrics/indices presented in chapter 

§2_7_2 in order to individuate which show a logic and reliable behaviour in the different hypothesized 

cases and which show ambiguous behaviour. Metrics are tested using synthetic data (of water content and 

pressure head) with different degree of noise. Possible explanations of the different behaviour of the 

metrics/indices are given. 

Chapter §5 presents the numerical model of the investigated bank section elaborated for the simulation of 

the 2018 period. Details on initial conditions, boundary conditions, chosen observation points, model 

parameters, time discretization, spatial discretization, iteration criteria are given. Subchapter §5_1 presents 



 

 
25 

the sensitivity analysis performed on the hydraulic parameters of the models (the hysteretic ones and the 

non-hysteretic ones), that is able to give precious information to be used in the following calibration 

phases. 

In chapter §6 a statistical comparison of the performance of models simulating the 2018 year using 

different hydraulic models (VGM, HVGM, VGM-2cm, HVGM-2cm) by means at the beginning of qualitative 

graphical methods then quantitative methods (set of metrics/indices), has been presented. A set of 

statistical indices has been applied to the whole set of observation points to give a rough idea of the 

performance of the simulations during the whole investigated period, then it has been applied to 

interesting time periods (major flood peaks), then to single observation points in order to isolate the 

behaviour of different zone of the domain. Together these information are able to guide the modeller in 

the difficult process of optimization of the model performance, identifying where the criticalities are or 

helping in the choice of the best model to represent a certain soil behaviour. Chapter §6_2 focuses on the 

performance of the VGM, the simpler hydraulic model among the considered ones. Analysis for single 

observation points/single sensor, whole set of observation points /sensors, different typologies of 

observation points (pressure head data, water content data or both), different time intervals (peak or off-

peak periods) are presented in detail. 

In chapter §7 and its subchapters, a calibration protocol divided in three phases will be firstly explained 

then applied to the investigated models in order to select from a large pool of indirect simulations the final 

datasets of potentially optimized parameters. Chapter §7 focuses on the presentation of the calibration 

programme performed on the four direct models (HVGM, VGM, VGM-2cm and HVGM-2cm), explaining the 

different datasets of observation points used, the different distributions of weights given to the 

observation datasets, the different combinations of hydraulic parameters to be optimized which could 

belong to the same layer or group of layers. Subchapter §7_1 presents a preliminary analysis of the results 

of the calibration programme performed. The percentage of successful simulations is investigated and put 

in relation with the hydraulic model used, the observation dataset used, the number of hydraulic 

parameters etc.. 

In subchapter §7_2 a preliminary quantification of the performance of the groups of inverse analysis (which 

are composed of indirect simulations optimizing the same layer/s using the same datasets of observation 

points and the same weighting distribution) by means of a proper set of metrics/indices is presented; the 

quantification is operated on the whole 2018 simulation period. This preliminary analysis is used to exclude 

the groups of inverse analysis that behave poorly in order to reduce the high number of simulations that 

have to be analysed one by one in the next phase of the calibration (first phase of the calibration 

programme). In this sense, subchapter §7_2 could be considered a preliminary and rapid phase of 

evaluation of the performance of groups of inverse analysis. 

In subchapter §7_3 the first phase of the calibration programme is presented and then applied to the 

present case study. The first phase uses a set of metrics/indices to evaluate the deviation between 

observed-simulated datasets. The set of metrics have been applied for the evaluation of the performance 

during the whole simulation period and during the flood peak and off-peak periods. The chosen metrics are 

of typologies accuracy, efficiency, model selection criteria and statistical significance criteria. Points are 

given to the values of the metrics, calculated for each indirect simulation, based on the distance from the 

best fit of the index. Points of each metric are scaled based on an internal weight with respect to the other 

metric of the same group (accuracy, efficiency etc) and based on an external weight with respect to the 
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other groups of metrics. When the performance is calculated for each peak periods, points are scaled based 

on the persistence of the flood and the hydrometric level reached. 

In subchapter §7_4, the second phase of the calibration programme is presented. The focus is switched on 

the results of the inverse analysis, the obtained optimized parameters and on the last iteration of the 

inverse analysis.  

In subchapter §7_5, the third phase of the calibration programme is applied to the sets of indirect 

simulations that have overcome the first and the second phases. The attention is focused on the 

performance of the single sensor considering the whole simulation period and the two main flood events of 

the 2018, while in the first phase of the calibration the performance of the indirect simulations was 

investigated based on the performance of the whole set of available observation points on the whole 

simulation period and on the flood peak/off peaks periods. The set of chosen metrics is composed of 

accuracy and efficiency metrics. Weights are given to the values of the metrics according to the different 

positions in the bank section, the different type of measurement (PH or wc) and points are calculated based 

on the enhancement with respect to the base simulation (which uses the set of initial parameters). 

In subchapter §7_6 inverse analysis to optimize the hydraulic parameters of the embankment layer are 

carried out starting from a different set of initial parameters (with respect to the one used in the previous 

calibration programme performed) in order to investigate its role in the indirect problem and the behaviour 

of the objective function starting from a different point in the parameters space. 

In subchapter §7_7 weighting distributions (different from the ones used in the previous calibration 

programme) are applied to the dataset of observation points used in the inverse analysis to optimize the 

hydraulic parameters of the embankment layer. Weighting distributions are based on the different 

positions of the sensors in the bank section, the different type of sensors and the different temporal 

instants in which the observed data are recorded. 

In chapter §8 the procedure of performance evaluation in three phases used for the calibration programme 

has been applied to a new monitoring period (year 2019) in order to evaluate the forecasting capability of 

the investigated models (validation phase). The sets of optimized parameters that have overcome the third 

phase of the calibration are tested again in order to individuate the final set of optimized parameter to use 

for the investigated bank section. 

In chapter §9 the add-on module SLOPECUBE by Pc-Progress has been used to elaborate the Scalar Field of 

the Local Factor of Safety (SFLFS) of the investigated bank section (2018 year). Differences in the Local 

Factor of Safety between the model using the set of base parameters and the model using the set of 

optimized parameters are computed for different vertical sections and for different time instants of the 

simulation. Stability analysis are not the focus of the present work that locates himself on a previous step, 

the elaboration of reliable pwp distributions to be imported as initial conditions for future stability analysis. 

For this reason, as a conclusion of the work, it is considered interesting to highlight the important and 

immediate repercussions on the results of simplified stability considerations adopting an optimized set of 

parameters (obtained after an in-depth calibration and validation process) instead of the initial set of 

hydraulic parameters. 

In chapter §10 final remarks on the performed work together with possible future developments are 

presented. 
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2 LITERATURE REVIEW 

The literary review of the present thesis has to be intended as the background of information to all the 

subsequent work. An overview on unsaturated soils, their hydraulic and mechanical properties and the 

water retention models of interest is presented. 

The understanding of unsaturated soil mechanics principles has a wide range of interests because it 

concerns all geotechnical problems associated with soil above water level and compacted soils. The 

classical soil mechanics assumes that soil voids are filled only by liquid phase (saturated conditions) or only 

by gaseous phase (dry conditions) and their mechanical behavior could be described by Terzaghi low for 

effective stress. These two limit conditions (saturated-dry) are addressed as singular cases in a wide range 

of saturation ratio that soil could assume. In unsaturated conditions the phases are four: air, water, solid 

phases and the contractile skin or air-water interface (Fredlund et al, 1978) that pulls soil particles together 

through surface tension like an elastic membrane. The pore-air pressure (ua) is taken as reference for the 

independent stress variables, net normal stress (sigma- ua) and matric suction (ua-uw) where uw is the pore-

water pressure. For geotechnical engineering purposes pore air pressure could be considered equal to the 

atmospheric pressure and set equal to zero (ua=0). 

2_1 TOTAL SUCTION, MATRIC SUCTION AND OSMOTIC SUCTION 

It is relevant at this stage to give a formal definition of ǘƘŜ ǇǊƻǇŜǊǘȅ ΨΩǎǳŎǘƛƻƴΩΩ ŀǎ ǘƘŜ ƴŜƎŀǘƛǾŜ ƻŦ ǎƻƛƭ ǿŀǘŜǊ 

potential  tot (per unit volume). The soil water potential is the driving force that governs water movement 

in soil and it is formally defined ŀǎ ΨΩǘƘŜ ŀƳƻǳƴǘ ƻŦ ǿƻǊƪ ǘƘŀǘ Ƴǳǎǘ ōŜ ŘƻƴŜ ǇŜǊ ǳƴƛǘ ǉǳŀƴǘƛǘȅ ƻŦ ǇǳǊŜ ǿŀǘŜǊ 

in order to transport reversibly and isothermally to the soil water at a considered point, an infinitesimal 

quantity of water from a reference poolΩΩ (Aslyng, 1963). The reference pool of water is arbitrary chosen at 

zero water potential. Soil is subjected to a variety of possible forces that influence water movement that 

are the result of interactions between soil matrix and water (e.g. gravity, presence of solutes, external gas 

pressure etc). Briefly, suction could be seen as the result of two components [equation 1]: 

suction=- tot=  έ +  m                                                                                                                          [equation 1] 

where  έ is the osmotic suction and  m is the matric suction (both in units of pressure). 

Osmotic suction is due to solutes dispersed in bulk water. As the concentration of ions increases, the 

osmotic suction increases. This component of the equation could play a central role in problems with 

physical barriers (membranes) to solute movement or water movement via vapor. Matric suction is 

generated by two phenomena: the capillarity phenomenon associated with the surface tension at the 

interface between air and water in soil pores and the adsorption (Lu and Likos, 2004). Capillary suction is 

based on the same principle of capillary rise in a tube. Water is a dipole molecule that inside a water phase 

is perfectly balanced (net forces equal to 0). At the interface between water and air, the system is not 

equilibrated (net force toward the water surface). To restore the equilibrium water molecules are arranged 

in such a way to create a tensile pull called surface tension. The surface tension acts like an elastic 

membrane in tension. When in contact with a solid surface as the borders of the cylinder, the interface 

assumes a concave curvature (Tarantino, 2013). The angle formed between water and surface is lower than 

90° when adhesive forces (between water and soil) prevail on cohesive forces in the liquid phase. If menisci 

are present between soil particles, an additional compressive force is experienced by particles. The result is 
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an overall increase in soil shear strength. The absorption component of suction is the contribution to the 

water potential given by the attraction experienced by water molecules to opposite charged soil surfaces or 

ions attached to surfaces. The principles governing absorption component result from electrical field. The 

strength of the bounds between particles and surface are inversely proportional to the distance between 

them. 

Changes in soil water content correspond to changes in matric suction. To a lower value of water content 

corresponds a higher value of matric suction and less water-filled spaces. Another important consequence 

is that soil hydraulic conductivity decreases with water content since water pathways are more tortuous, 

narrower and fewer and the large pores are the ones that drain first (Youngs, 2005). The change of 

permeability with matric suction is caƭƭŜŘ ΨΩǇŜǊƳŜŀōƛƭƛǘȅ ŦǳƴŎǘƛƻƴΩΩ ŀƴŘ ƛǘ ŜȄǇǊŜǎǎŜǎ ǘƘŜ decrease of 

conductive area of water to the water flow due to the increasing quantity of air trapped in the voids. The 

movement of water along thin films of absorbed water around soil particles is the primary mechanism of 

flow (Tokunaga, 2009). 

2_2 THE SOIL WATER RETENTION CURVE AND HYDRAULIC CONDUCTIVITY 

FUNCTION 

The relation between suction and volumetric water content (or gravimetric water content or saturation 

ratio) is described by soil water retention curve (SWRC) which exhibits hysteresis with respect to the 

wetting/drying history. Note that many other different names are given to the same relation (suction-VWC) 

as SWCC (Soil Water Characteristic Curve) and WRC (Water Retention Function). The mechanisms that 

assure the hysteretic response are broadly recognized as the ink-bottle effect due to non-uniformity in 

interconnected pores, changes in pore structure due to wetting and drying, air entrapment, capillary 

condensation and aging effect dependent on drying and wetting paths (Hillel, 1980; Lu and Likos, 2004; 

Likos et al, 2014). A similar hysteretic behavior is observed in the Hydraulic Conductivity Function (HCF) that 

relates hydraulic conductivity to suction. To simplify seepage analysis, hysteretic behavior is commonly 

disregarded, leading to inaccurate predictions of pore water pressure and volumetric water content 

distribution (Liu et al, 2016). 

 

Figure 1 SWRC after Toll, 2012. The main wetting curve and the main drying curve are represented together with the graphical 
indication ƻŦ ǘƘŜ ǇŀǊŀƳŜǘŜǊ ʰ όŀƛǊ ŜƴǘǊȅ ǾŀƭǳŜύ ŀƴŘ ʻǊ όǊŜǎƛŘǳŀƭ ǿŀǘŜǊ ŎƻƴǘŜƴǘύΦ 

In Figure 1 a typical response to wetting and drying cycles of an initially saturated sample is presented. 

Upon drying the material maintains a fully saturated state until a threshold value called air-entry value 
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(AEV) is reached. It is generally considered as the graphical point corresponding to the intersection of 

tangents. The finer the material, the higher the air-entry value (AEV). AEV could be seen as the matric 

suction able to break menisci formed by the water surface tension in the large pores, the ones drained first 

(Rahardjo, 2019). Exceeded the air-entry value, air starts to penetrate in the voids (quasi-saturated soil 

state). As drying proceeds, the saturation ratio decreases while suction increases, following the so-called 

ΨΩƳŀƛƴ ŘǊȅƛƴƎ ŎǳǊǾŜΩΩΦ Lƴ a partially saturated soil state, the desaturation is rapid and obtained with a 

relatively low change in matrix suction until a residual degree of saturation (or a residual water content) is 

reached. At this point it is necessary to increase significantly the suction value in order to change the 

saturation ratio (residual state). The residual water content is considered to occur at the intersection of 

tangents. Theoretically the maximum matric suction value is not fixed, however a value of 1000 Mpa, that 

corresponds to a water content of 0,06%, has been adopted for thermodynamic reason (Fredlund et al, 

2012). If at that point the specimen is wetted, the degree of saturation increases and another path is 

followed ƪƴƻǿƴ ŀǎ ΨΩƳŀƛƴ ǿŜǘǘƛƴƎ ŎǳǊǾŜΩΩΦ ¢ƘŜ Ƴŀƛƴ ŘǊȅƛƴƎ ŎǳǊǾŜ ŀƴŘ the main wetting curve do not 

coincide. If the wetting is extremely slow a full saturation could be reached, while if it is rapid, air could be 

trapped in the pores and a degree of saturation equal to 100% is not obtainable. If during the 

wetting/drying path the process is reversed another path is followed internally to the zone between the 

two main curves. This path is called ΨΩǎŎŀƴƴƛƴƎ ŎǳǊǾŜΩΩΦ !ƭƭ ǘƘŜ ƛƴǘŜǊƳŜŘƛŀǘŜ ǾŀƭǳŜǎ ƻŦ ǿŀǘŜǊ ŎƻƴǘŜƴǘ ǿƛǘƘƛƴ 

the zone individuated by the two main curves could be assumed due to the hysteretic behavior already 

mentioned. SWRC is dependent on various factors such as pore size distribution, shape, tortuosity, specific 

surface area, mineralogy of soil particles. 

2_3 THE VG MODEL 

SWRC are continuous and smooth curves obtained fitting a finite number of laboratory points using 

numerical models. The van Genuchten (1980) analytical model gives a good approximation of experimental 

results for many soil types. VG equations [see equations 2,3,4] are a revision and modification of the 

power-law function proposed by Brooks and Corey (1964) that introduced an air-entry value above which 

the soil could be considered saturated. 

Ὓ
ȿȿ

     Ὢέὶ Ὤ π                                                                                                       [equation 2] 

Ὓ ρ Ὢέὶ Ὤ π                                                                                                                                             [equation 3]  

Ὤ                                                                                                                                             [equation 4] 

Where S ƛǎ ǘƘŜ ŜŦŦŜŎǘƛǾŜ ǎŀǘǳǊŀǘƛƻƴ ŘŜƎǊŜŜΣ ʻΣ ʻǎ, ʻǊ ŀǊŜ ǘƘŜ ŎǳǊǊŜƴǘΣ maximum and residual water content 

ǊŜǎǇŜŎǘƛǾŜƭȅΣ ʰ ƛǎ ǘƘŜ ƛƴǾŜǊǎŜ ƻŦ ǘƘŜ ŀƛǊ-entry value (kPa-1), h is the suction head, s is the matrix suction. The 

ǇŀǊŀƳŜǘŜǊ ʰ ǊŜǇǊŜǎŜƴǘs the inflection point, n defines the slope of the water retention curve. άmέ is a 

fitting parameter identical for the main wetting and drying curves, that could be approximated by the 

expression in equation 5 (Mualem, 1976): 

ά ρ ρȾὲ                                                                                                                                                   [equation 5] 

This constraint to the parameter άnέ is widely used in literature in order to reduce the number of unknown 

parameters of the model. Moreover if άmέ and άnέ are independent parameters, the integral has no 
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analytical solution and could be solved only adding mathematical complexity (Bittelli et al, 2015), while 

assuming άmέ Ŝǉǳŀƭ ǘƻ άnέ permits a direct integration of the MualemΩǎ predictive model. 

The parameter ΨΩnΩΩ is related to the pore-size distribution of the soil while the parameter άmέ is related to 

the overall symmetry of the SWRC (Likos et al, 2014). Soils with a narrow pore-size distribution (and for this 

reason a narrow suction range) have relatively large values of ΨΩnΩΩ compared to soil with wider pore-size 

distribution. The hydraulic conductivity of unsaturated soils is function of the degree of saturation S and it 

could be obtained from VG expression combining it with the statistical pore-size distribution of Mualem 

(1976) [see equation 6]. Reliable and accurate measurements of hydraulic conductivity are time consuming, 

costly and complex, all this leads to the necessity of developing indirect methods to obtain K(h) (Vogel et al, 

2000). 

ὑ ὑЍὛ ρ ρ Ὓ                                                                                                               [equation 6] 

Where ὑ is the saturated hydraulic conductivity. 

2_4 THE VG MODEL IMPOSING A -2cm AIR ENTRY VALUE 

The imposition of an air entry value of -2 cm to the van GenuchtenΩǎ formulation is recommended for fine-

textured soils (clay and silty clays) which have an ΨΩnΩΩ parameter close to its lower limit (1). This correction 

introduces a small air entry value that has no influence on SWRC itself but only on the hydraulic 

conductivity function close to saturation. An air entry value of -2cm forces the slope of the retention curve 

close to saturation to be zero (ŘʻκŘƘҐлύ ŀƴŘ, as a result, the K(h) function is less non-linear and more 

accurate close to saturation. This correction is absolutely not recommended for medium and coarse 

ǘŜȄǘǳǊŜŘ ǎƻƛƭǎ ŦƻǊ ǿƘƛŎƘ ǘƘŜ ʰ ǇŀǊŀƳŜǘŜǊ ōŜŎƻƳŜ ǊŜƭŀǘƛǾŜƭȅ ƭŀǊƎŜ όҔлΣлн-0,05 cm). Vogel and Cislerova 

(1988) and later Vogel et al (2000) were the first to underline the problem of the K(h) function close to 

saturation. 

2_4_1 MVG ACCORDING TO VOGEL AND CISLEROVA (1988) 

Ippish et al (2006) demonstrated that under certain conditions (n<2 and ʰƘa>1 where ha is the air-entry 

value) the van Genuchten (VG) model predict erroneous hydraulic conductivities (Bittelli et al, 2015). Some 

fine-grained materials interpreted with VG model show non-linearity close to saturation and this aspect 

could cause instability, lower accuracy and problems of converge in the FE models. The permeability 

function is extremely sensible to change in the slope of SWRC, small changes of the function SWRC close to 

saturation could have big impacts on convergence of the numerical simulation, especially when fine-

textured soils are investigated (Vogel et al, 2000). 

Vogel and Cislerova (1988) proposed a modified set of equations of the VG model (Modified van Genuchten 

model MVG) in order to overcome the possible uncertainties in the determination of h(̒ ) near saturation. 

¢ƘŜ ǇƘȅǎƛŎŀƭ ǇŀǊŀƳŜǘŜǊ ʻs ƛǎ ǊŜǇƭŀŎŜŘ ōȅ ǘƘŜ ǇŀǊŀƳŜǘŜǊ ʻm ǿƛǘƘ ƴƻ ǇƘȅǎƛŎŀƭ ƳŜŀƴƛƴƎ όʻm җ ʻs). The resulting 

SWRC is expressed with two distinct equations: from h=0 to ƘҐƘόʻsύ ŀ ƭƛƴŜŀǊ ŜǉǳŀǘƛƻƴΣ ŦƻǊ ƘҔƘόʻs) a non-

linear equation. ¢ƘŜ ƘȅŘǊŀǳƭƛŎ ŎƻƴŘǳŎǘƛǾƛǘȅ ŦǳƴŎǘƛƻƴ ƛǎ ƻōǘŀƛƴŜŘ ǎǳōǎǘƛǘǳǘƛƴƎ ƛƴǘƻ aǳŀƭŜƳΩǎ ǊŜlation the 

modified expression of the SWRC and then integrating (Vogel and Cislerova, 1988). The Modified van 

Genuchten model proposed by Vogel and Cislerova (1988) could be written as follows [equation from 7 to 

11]: 
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                                                                                                                           [equation 8] 

where 

ὑ Ὓ  Ὓ                                                                                                                                  [equation 9] 

ὊὛ ρ Ὓ
ᶻȾ

                                                                                                                               [equation 10] 

Ὓᶻ Ὓ                                                                                                                                                [equation 11] 

2_4_2 MVG ACCORDING TO VOGEL et al (2000) 

In Vogel et al (2000) further changes to the formulation presented in Vogel and Cislerova (1989) are 

presented. A minimum capillary height hs is adopted in order to introduce a break in the function at a 

certain negative value of pressure head. For this reason hs has the same purpose of the air-entry value 

introduced by Brooks and Corey (1964). hs has value ranging from -1 to -2 cm in order to keep the S-shape 

of VG model. The adoption of the parameter hs is due to the necessity to have a non-zero minimum 

capillary height for the largest pore of the soil because it has little effects on the SWRC but large effects on 

the predicted shape of K(h) near saturation (Vogel et al, 2000).The ǇŀǊŀƳŜǘŜǊ ʻr is substituted by the 

parameǘŜǊ ʻa ǿƛǘƘ ƴƻ ǇƘȅǎƛŎŀƭ ƳŜŀƴƛƴƎ όʻaҖ ʻr). The hydraulic conductivity Kk is introduced, with KkҐYόʻk) 

ŀƴŘ ʻkҖ ʻs and Kk< Ks. The Modified van Genuchten model proposed by Vogel et al (2000) could be written 

as follows [see equations from 12 to 16]: 

—Ὤ
—

ȿ ȿ
                 Ὤ Ὤ

—                                            Ὤ Ὤ
                                                                                      [equation 12] 

ὑ
Ⱦ

                                                                                                      [equation 13] 

ὑὬ

ὑί ὑὶὬ                     Ὤ Ὤ

ὑ

ὑί                            Ὤ Ὤ

     Ὤ Ὤ Ὤ                                                                        [equation 14] 

Ὂ— ρ
Ⱦ

                                                                                                                      [equation 15] 

Ὓ                                                                                                                                               [equation 16] 

The two models presented do not take into consideration the wetting-drying hysteresis in soil hydraulic 

behavior. In most of the cases it is difficult obtaining laboratory data along the wetting path. The laboratory 

and field methods are available but more complex and time consuming with respect to the ones used to 

characterise the drying path (Likos et al, 2014). 
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2_5 VG MODEL CONSIDERING THE HYSTERETIC BEHAVIOUR 

Hydraulic hysteresis refers to the non-unique relationship between water content and soil water potential: 

an important variation in the water content can occur under the same water potential depending on the 

history of drying/wetting to which the sample has been subjected. 

In order to consider the hysteretic behaviour, both the main drying and wetting curves have to be known. 

The scanning curves are obtained scaling the main drying-wetting curves using different scaling approach 

(the slope method, the point method, the domain method etc..). All the methods have almost the same 

accuracy with which the scanning curves are simulated. 

Hysteretic loops are represented ŀǎǎƛƎƴƛƴƎ ǎŜǇŀǊŀǘŜ ǇŀǊŀƳŜǘŜǊǎΥ ʻs
d 

r̒
d m̒

d ʰd nd to the drying path Τ ʻs
w 

r̒
w 

m̒
w ʰw nw to the wetting path. To reduce the number of parameters the following constraints could be 

adopted (see equation 17): 

ʃr
d Ѐ ʃr

w Ƞ ɻd Ѕ ɻw ; nd = nw                                                                                                              [equation 17] 

Additional constraints could be used in case of lack of laboratory data (see equations 18 and 19): 

ɻw Ѐ ς ɻd                                                                                                                                              [equation 18] 

and  

— — — —                                                                                                             [equation 19] 

These relations find laboratory confirmation in the works of Simunek et al (2006); Kool and Parker (1987); 

Nielsen and Luckner (1992), Pham et al (2005) among others. The use of the suggested constrains allows to 

incorporate the hysteretic effect in the numerical flow model without increase the effort and with few 

laboratory data required. Moreover the simulations including hysteretic behaviour show a higher 

agreement with the experimental data (Kool and Parker, 1987). 

Using the SWRC model elaborated by van Genuchten (1980), the Initial Drying Curve (IDC) and the Main 

Wetting Curve (MWC) are described as follows according to Kool and Parker (1987) model [see equations 

20 and 21]. 

Ὓ ρ ‌              (IDC)                                                             [equation 20] 

Ὓ ρ ‌          -7#                                                                    [equation 21] 

Where   is the soil suction (in kPa). All the other parameters have been already presented. The empirical 

model elaborated by Scott et al (1983) is then introduced and applied. The water content on a DSC (dry 

scanning curveύ ŀǘ ǎƻƛƭ ǎǳŎǘƛƻƴ ʌ ƛǎ ǎŎŀƭŜŘ ŦǊƻƳ L5/ ǘƘŀǘ ƛǎ ŎƻƴǎƛŘŜǊŜŘ ǘƘŜ Ǌeference curve, when the 

ǊŜǾŜǊǎŀƭ Ǉƻƛƴǘ όʻɲ Σʌɲ) is given (Simunek et al, 2012). The reversal point is the point when the drying and 

wetting processes reverse. 

—  — ‍—   —                                                                                                       [equation 22] 
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‍
 ɀ   

    
                                                                                                                               [equation 23] 

ʃr
ds Ѐ ʃs ɀ ɼ ɉʃs d ɀʃr d )                                                                                                                     [equation 24] 

— —
   

     
                                                                                                            [equation 25] 

Ὑ
          

                                                                                                           [equation 26] 

Where ̒ dόʌύ in equation 22 is the volumetric water content (vwc) ƻƴ ǘƘŜ L5/ ŀǘ ǎƻƛƭ ǎǳŎǘƛƻƴ ʌΤ ʲ ƛǎ ŀ 

parameter ǊŜƭŀǘŜŘ ǘƻ ǘƘŜ ǊŜǾŜǊǎŀƭ ǇƻƛƴǘΤ ʻs in equation 25 is the volumetric water content for a scanning 

curve at zero ǎǳŎǘƛƻƴΤ ʻr
ds is the residual volumetric water content for a drying scanning curve. In the same 

way, for the MWC the following equations (from 27 to 29) are obtained, when the reversal point is given: 

—  — ‍—   —                                                                                                     [equation 27] 

ʃr ws Ѐ ʃs ɀ ɾ ɉ ʃs w ɀ ʃr w )                                                                                                                [equation 28] 

‎
 ɀ  

  
                                                                                                                                          [equation 29] 

ǿƘŜǊŜ ʻr 
ws in equation 27 is the residual vwc for tƘŜ ǿŜǘǘƛƴƎ ǎŎŀƴƴƛƴƎ ŎǳǊǾŜΣ ʻw όʌύ in equation 27 is the 

ǾƻƭǳƳŜǘǊƛŎ ǿŀǘŜǊ ŎƻƴǘŜƴǘ ƻƴ ǘƘŜ a²/ ŀǘ ǘƘŜ ǎǳŎǘƛƻƴ ʌ ŀƴŘ ʴ ƛǎ ŀ ǇŀǊŀƳŜǘŜǊ ǊŜƭŀǘŜŘ ǘƻ ǘƘŜ ǊŜǾŜǊǎŀƭ ǇƻƛƴǘΦ 

To reduce the number of parameters in the hysteretic model the following constrains are adopted: 

ʃr
d Ѐ ʃr

w Ѐ ʃr                                                                                                                                                  [equation 30] 

ʃs
d Ѐ ʃs

w (valid if the air entrapment in the wetting process is negligible)                                       [equation 31] 

nd = nw =n (constrain used to define a K(h) non-hysteretic)                                                               [equation 32] 

Under the constraints (equation 30) and (equation 31) the eight parameters of the Kool and Parker (1987) 

ƳƻŘŜƭ όʻs 
d  

s̒ 
w 

r̒ 
d  

r̒ 
w ʰd ʰw nd  nw ύ ǊŜŘǳŎŜ ǘƻ ǎƛȄ όʻs 

d  
s̒ 

w 
r̒
  ʰd ʰw n), that can reduce to five using also 

constrains of equation 32 όs̒ 
 

r̒
  ʰd ʰw n).The last constrain (equation 30) is the strongest because it 

weakens the flexibility of the model in representing the water retention behaviour (Liu et al, 2018; Kool and 

Parker, 1987). 

An analogous procedure is applied to the unsaturated hydraulic conductivity K(h) for which, in the 

hysteresis loop, the two functions Kd(h) and Kw(h) are characterised by the parameters of the SWRC in the 

drying and wetting branches and the saturated conductivity (Ksd and Ksw) (Simunek et al, 2016). 

2_6 SEEPAGE ANALYSIS 

Seepage analysis through porous media is of extreme interest in engineering disciplines for all that 

concerns design of retention structures for hydric bodies (river, lake, sea), control of contaminants in the 

ground and in the aquifer, slope stability analysis. Of extreme importance for a reliable stability analysis 

assessment of embankment sections is a proper definition of pore water pressure and water content 

distributions that have an important influence not only on the hydraulic response of the bank but also on 
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its mechanical behaviour. At the same way the transient seepage analysis through a dam subjected to 

fluctuation of the reservoir level is strongly affected by the conditions in the unsaturated zone that have to 

be taken in account properly (Freeze, 1971; Lam and Fredlund, 1984). Water is free to flow through the 

interconnected pores under a hydraulic gradient and the phenomenon ƛǎ ŘŜǎŎǊƛōŜŘ ǳǎƛƴƎ .ŜǊƴƻǳƛƭƭƛΩǎ 

theorem (gravitational head and pore water pressure head are the main driving forces in geotechnical 

ǇǊƻōƭŜƳǎύ ŀƴŘ 5ŀǊŎȅΩǎ ƭŀǿΦ Richards (1931) for the first time understood thaǘ 5ŀǊŎȅΩǎ ƭƻǿΣ ǿƘƛŎƘ ǿŀǎ 

originally elaborated for saturated soil, could be equally applied to unsaturated soil and the permeability is 

not a constant but function of the matric suction of the soil, K(h). The pressure gradient that drives the 

gaseous phase ƛǎ ƴŜƎƭŜŎǘŜŘ ƛƴ wƛŎƘŀǊŘǎΩ equation. wƛŎƘŀǊŘǎΩ Ŝǉǳŀǘƛƻƴ ŎƻǳƭŘ ōŜ ǿǊƛǘǘŜƴ ƛƴ ŀ ƴǳƳōŜǊ ƻŦ 

forms: in 1D the mixed water content form (because it mixes water content and water potential), in water 

content form (only the water content is present) or in water potential form (only water potential is present) 

(Farthing and Ogden, 2017). Here in equation 33 the water potential based form is presented: 

ὅ                                                                                                                [equation 33] 

ǿƘŜǊŜ ʻ ƛǎ ǘƘŜ ǿŀǘŜǊ ŎƻƴǘŜƴǘΣ ʌ ƛǎ ǘƘŜ ǿŀǘŜǊ ǇƻǘŜƴǘƛŀƭ ŀƴŘ / ƛǎ ǘƘŜ specific water capacity [L-1] that is the 

slope of the SWRC. ¢ƘŜ ʌ-based form is applicable to unsaturated and near-saturation conditions, but the 

mass balance error could be relevant and the convergence could slow (Hendriks, 2010). 

In 2D, Richard equation could be written as follows in equation 34 (neglecting the water loss through root 

uptake and evaporation) (Simunek et al,2006). 

ὑ ὑ ὑ                                                                                                            [equation 34] 

ὑ ȟὼ ὑ   ὼȟᾀ ὑ  Ὤȟὼȟᾀ                                                                                                 [equation 35] 

where xi are the spatial coordinates (i=1,2), Kij A and Kiz A are component of the anisotropy tensor KA . If the 

flow is isotropic (i.e. the hydraulic permeability K is equal in the horizontal and vertical direction) KA has 

element equal to 1 in the diagonal and equal to 0 in the off-diagonal.  

RichardsΩ equation is a highly non-linear partial differential equation, almost impossible to solve in a closed 

form with the exception of a small number of cases (Miller et al, 1998). This is due to the fact that the 

relation is dependent on two highly non-linear equationsΥ ǘƘŜ ƘȅŘǊŀǳƭƛŎ ŎƻƴŘǳŎǘƛǾƛǘȅ ŦǳƴŎǘƛƻƴ Y όʻύ ŀƴŘ ǘƘŜ 

ǿŀǘŜǊ ǇƻǘŜƴǘƛŀƭ ʌ όʻύΦ ²ƘŜƴ ǎŀǘǳǊŀǘƛƻƴ ƛǎ ŎƭƻǎŜ ǘƻ млл҈ ʌ ƛǎ ŀ ǾŀƭǳŜ near zero, for big and non-positive 

ǾŀƭǳŜ ƻŦ ʌΣ Y ƛǎ ŎƭƻǎŜ ǘƻ ȊŜǊƻΦ ¢Ƙƛǎ ŜȄǘǊŜƳŜ ŎŀǎŜǎ ƭŜŀŘ ǘƻ ŘŜƎŜƴŜǊŀŎȅ ƛƴ ǘƘŜ Ŝǉǳŀǘƛƻƴ όFarthing and Ogden, 

2017). 

The first attempt to solve seepage problems was graphical, using the so calƭŜŘ ΨΩŦƭƻǿ-ƴŜǘ ƳŜǘƘƻŘΩΩΣ 

proposed by Casagrande (1937). The method could be applied for simple problems in which soil is isotropic 

and homogeneous and the hypothesis at the base of the method is acceptable (water flows only in the 

saturated zone). The first attempt to model by finite elements the flow in the saturated zone was made by 

Taylor and Brown (1967) in which the water table is assumed as upper boundary condition and using a trial 

and error procedure its position is located in the model. Freeze (1971) proposed for the first time a 

ΨΩǎŀǘǳǊŀǘŜŘ-ǳƴǎŀǘǳǊŀǘŜŘ ƳƻŘŜƭΩΩ using a finite difference model in which pressure heads are calculated also 

for the unsaturated zone (Lam and Fredlund, 1984; Lam and Fredlund, 1993). With the innovation brought 
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by high-speed digital computers, numerical methods, especially finite element methods, are now able to 

give solution to complex seepage problems. The lack of a solution, reliability, convergence problems (slow 

or not possible) are yet unsolved problems that impose a pŜƴŀƭǘȅ ƻƴ ǘƘŜ ǳǎŜ ƻŦ wƛŎƘŀǊŘΩǎ Ŝǉǳŀǘƛƻƴ ǎƻƭǾŜǊǎ 

(Farthing and Ogden, 2017). A robust and accurate solution methodology to be applied to a large variety of 

soil has not yet been identified. 

2_7 NUMERICAL DIRECT AND INVERSE MODELLING USING HYDRUS SOFTWARE 

Hydrus program is a computer package to simulate water flow, pollution or heat propagation through a 

saturated or unsaturated porous media, under steady state or variable boundary conditions. This is done in 

a 1D space using Hydrus 1D, in a 2D (vertical and horizontal planes) and 3D variably saturated domains 

(axisimmetrical or fully 3D) using Hydrus 2D/3D. 

Hydrus is a powerful tool that traces its origin from the innovative work and first computer software 

elaboration of van Genuchten at the end of the sevenǘȅΩǎ ό{¦a!¢w! ŀƴŘ ²hwaύΣ ƻŦ ±ƻƎŜƭ ŀǘ ǘƘŜ ŜƴŘ ƻŦ 

ǘƘŜ ŜƛƎƘǘȅΩǎ ό{²MI), later of Kool and van Genuchten (Hydrus) and Simunek in 1998 (Hydrus 1D) (Simunek 

et al, 2012). Hydrus 1D, 2D and 3D have become widely used software, whose codes were reviewed 

favourably several times and on whose application to real case studies a wide bibliography is available 

(Simunek et al, 2012). 

The program solves RichardsΩ equation for saturated and unsaturated flows using mass-lumped linear finite 

element schemes in direct problems, when model parameters, initial and boundary conditions are known. 

Hydrus allows running also inverse problem in which one or more parameters are calibrated or estimated 

from observed data. Model calibration and inverse parameters estimation are performed using an 

implemented local optimization approach based on Levenberg-Marquardt method which will be discussed 

in details in the following chapter §2_7_1. 

Different models have been implemented in Hydrus code to describe unsaturated soil hydraulic behaviour: 

van Genuchten (1980), Brooks and Corey (1964), modified van Genuchten (Vogel and Císlerová, 1988), 

Durner (1994), and Kosugi (1996). Soil hysteretic behaviour could be incorporated in the van Genuchten 

model (1980) as seen in chapter §2_5. Hydrus code can simulate a great number of processes such as 

precipitation, infiltration, irrigation, evaporation, capillary rise, root water uptake, soil water storage. 

Hydrus has been applied successfully to a wide range of spatial and temporal scales: from the 1D laboratory 

experiment to the modelling of transport domain hundreds of meters wide. Due to the highly non-linearity 

of RichardsΩ equation it is preferable to maintain a medium scale because the spatial discretisation of the 

geometry requires a fine-mesh close to atmospheric boundaries where large hydraulic gradients are 

expected. This leads to convergence problems or very long calculation time (Simunek et al, 2012). 

As extensively discussed in chapter §2_6, RichardsΩ equation describes water flow in an unsaturated porous 

media. Hydrus solves the equation implementing the soil hydraulic functions of VG-Mualem to describe 

unsaturated conductivity in terms of water retention parameters (Simunek et al, 2006). Hydrus uses a Finite 

Element numerical approach to solve RichardsΩ equation in space and a Finite Difference approach in time. 

The finite difference approach uses the mixed form of the Richard equation to develop a set of algebraic 

equations. 
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2_7_1 MODEL CALIBRATION AND INVERSE ESTIMATION OF THE HYDRAULIC PARAMETERS 

Hydrus software could be used for direct problems (model parameters, boundary conditions and initial 

conditions are known) and indirect problems (one or more parameters are unknown and need to be 

estimated from observed data or some parameters values have an high degree of uncertainty and they 

need to be calibrated properly in the model). 

The models, which are most often used, are parametric models i.e. they include parameters. Parameters 

could be defined as numeric factors in the model equations that could make the model flexible assuming 

different values. As their value change, the flexible shape of the equations changes while the structure is 

maintained. Parameters could be of different nature and they could assume a fixed value, a value 

dependent on time or on the state of the system. Parameters adapt and optimize model performances 

while model tries to represent natural phenomena. To be applied to a model, all parameters need to be 

initially estimated, then calibrated, then optimized and after that, we can state that the model is calibrated, 

parameterized and optimized. 

Model calibration is the procedure to tune a model for a specific problem by manipulating the input 

parameters (e.g. soil hydraulic parameters), boundary conditions, initial conditions in a reasonably range of 

values until the output of the model closely match the observed values (e.g. water content, pressure head, 

fluxes, concentrations etc) (Simunek and Hopman, 2002). 

The most common and used approach in model calibration is the selection of an objective function that 

measures the agreement between predicted data (by the model) and the measured data. The minimization 

of the objective function gives in output the best-fit parameters. In the past, calibration was performed by 

a trial and error technique, a very time consuming procedure that does not ensure good results. The 

calibration procedure is concluded when the model is able to reproduce data within a subjectively 

acceptable level of precision (Konikow and Bredehoeft, 1992). When the main goal of the calibration 

procedure is not to obtain a better fit between measured and observed data but rather to optimize 

ǳƴƪƴƻǿƴ ǇŀǊŀƳŜǘŜǊǎ ƛƴ ǘƘŀǘ ƳƻŘŜƭΣ ǘƘŜ ǇǊƻŎŜǎǎ ǘŀƪŜǎ ǘƘŜ ƴŀƳŜ ƻŦ ΨΩǇŀǊŀƳŜǘŜǊ ƻǇǘƛƳƛȊŀǘƛƻƴΩΩ ƻǊ 

ΨΩǇŀǊŀmeter estimationΩΩ ό{ƛƳǳƴŜƪ ŀƴŘ ŘŜ ±ƻǎΣ мфффύΦ 

It is important at this point to make a summary of the various routinely analysis used in the theory and 

application of the inverse modelling. The optimisation of the parameters is performed by systematically 

minimizing the sum of the squares of the differences between observed and simulated variables. This sum 

is expressed by an objective function  ˒όʲύ [equation 36]: 

‰‍ȟήȟὴ В ὺВ ύȟή
 zὼȟὸ ή ὼȟὸȟ‍                                                                       [equation 36] 

where q* are the measured variables, q ǘƘŜ ŜǎǘƛƳŀǘŜŘ ǾŀǊƛŀōƭŜǎ ōȅ ƳƻŘŜƭ ǇǊŜŘƛŎǘƛƻƴǎΣ ʲ ƛǎ ǘƘŜ ǾŜŎǘƻǊ ƻŦ ǘƘŜ 

optimized parameters describing, in our case, unsaturated soil hydraulic properties (i.e. soil water retention 

parameters, hydraulic permeability function). mq in the first summation represents the different 

measurement types (i.e. pressure head, water content), nq is the number of measurements for a certain 

type j of measurement. vj is the weight used to homogenize different data types by means of a 

normalization procedure or assuming vj equal to the measurement variance of measurement type j, wij are 

the weights assigned to the individual data (Hopmans et al 2002;.Simunek et al, 2002). 
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 ˒ όʲύ ƛǎ ŎŀƭƭŜŘ ŀƭǎƻ ΨΩǿŜƛƎƘǘŜŘ ƭeŀǎǘ ǎǉǳŀǊŜǎ ŜǎǘƛƳŀǘƻǊΩΩ and as long as the measurement errors are 

uncorrelated and independent (i.e. the weight wij contains the measurement error information), it is also 

the maximum-likelihood estimator (it maximizes the likelihood function). 

×                                                                                                                                              [equation 37] 

where i is the variance of the measurement error of qi* . 

The objective function implemented in Hydrus adds to the weighted least square estimator additional 

information and it is defined as the sum of three components: 

‰‍ȟήȟὴ ὺ ύȟή
ᶻὼȟὸ ή ὼȟὸȟ‍ ὺ ύȟὴ

ᶻ— ὴ —ȟ‍ ὺ

ȟȟ

‍ᶻ ‍  

                                                                                                                                                                         [equation 38] 

Where the first term has been already presented and discussed, the second represents the differences 

between independently measured and predicted soil hydraulic parameters for all the investigated layers. 

p*, p, × , Ö, mp and np have a similar meanings as the first term. The third term is a penalisation term 

ōŜǘǿŜŜƴ ƛƴƛǘƛŀƭ ŜǎǘƛƳŀǘŜ όʲj*) ƻŦ ǘƘŜ ƘȅŘǊŀǳƭƛŎ ǇŀǊŀƳŜǘŜǊǎ ŀƴŘ ǘƘŜƛǊ Ŧƛƴŀƭ ŜǎǘƛƳŀǘŜ ʲj ,nb is the number of 

parameters with prior knowledge and Ö are the pre-assigned weights. 

Hydrus software package has implemented a Levenberg-Marquardt method (Marquardt, 1963; Simunek 

and Hopmans, 2002) to minimize the objective function in order to perform inverse estimation of hydraulic, 

solute and heat transport parameters in steady-state or transient flow models. Levenberg-Marquardt 

method has become a standard in nonlinear squares fitting, it combines the Newton method with the 

steepest descend method. This method assumes that the covariance matrices are diagonal. The covariance 

matrix gives information on possible correlation between parameters and on the measurement accuracy 

(Simunek and Hopman, 2002). The most significant advantage of Levenberg- Marquardt method is its 

computational efficiency because it needs far fewer direct model evaluations compared to others 

resolution techniques (Simunek et al, 2012). The Levenberg-Marquardt method needs an initial estimate of 

the unknown parameters to be optimized. The objective function  ˒is computed in the neighborhood of the 

initial estimate to understand which direction has to be taken in order to optimize the parameters. 

2_7_2 MODEL PERFORMANCE EVALUATION BY STATISTICAL ANALYSIS 

The most frequently used calibration procedure is through the optimization of model performances which 

is carried out comparing simulated-observed data. This is the procedure to which particular attention will 

be paid in this chapter and in the followings of the present thesis. 

Levels of acceptable accuracy and precision are set to evaluate if a model gives a good representation of an 

observable natural phenomenon. No model could be detailed enough to be valid for all the simulations, this 

is the reason why the modeller must decide which processes have to be modelled and the level of desired 

accuracy and precision to be set to validate the model. 

The typical approach adopted to evaluate model performance uses the comparison between simulated 

output and a set of observations. Model performance can be addressed by means of qualitative and 
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quantitative criteria. Qualitative criteria essentially rely on the graphical comparison between observed and 

simulated data, whereas quantitative criteria are based on numerical performance metrics (or indices). 

Both approaches are fundamental tools to be used. The choice of the validation criteria is guided by several 

factors such as the nature of the simulated variables, the main model purposes and the simulation model 

itself. There are many metrics able to take into consideration the different sources of uncertainty 

associated with input data, model structure and parameterization. Many remarks have been addressed to 

traditional lumped metrics for their lack of diagnostic power or inability to capture differences between 

different model or parameter sets leading to ambiguous evaluations.  

We present a review of robust performance metrics (or indices) to provide a quantitative estimate of model 

reliability. These metrics could be divided in three main groups. 

¶ The Accuracy metrics are able to evaluate the ability of the model to reproduce the observed 

phenomenon; the accuracy is largely dependent on the accuracy of the model input parameters 

and on the model ability (by means of the implemented equations) to represent successfully the 

physical system. 

¶ The Efficiency metrics are used to assess the quality of a model performance measuring the 

deviance between estimated and true values and the variance of the two input datasets is the key 

parameter to guide the analysis. 

¶ The Model selection metrics are used commonly for model evaluation and selection. These metrics 

take into account the goodness of the fit and the model complexity in terms of number of 

parameters. These indices are based on the entropy concept since they are able to measure the 

quantity of the dataset information that are lost when a model is used to represent a natural 

phenomenon. This type of metrics is extremely relevant because the maximum-likelihood approach 

adopted in the inverse problem performs the optimization of the parameters without questioning 

the adequacy of the model used.  

All these indices will guide the calibration phase of the investigated model that is divided in one pre-

calibration step and three main steps. The pre-calibration step is a phase of skimming of the large number 

of performed inverse analysis using a small selection of metrics. The first, second and third steps lead to the 

identification of the sets of optimized parameters using every time different groups of statistical metrics 

that highlight different aspects of the inverse problem.  

2_7_2_1 ACCURACY METRICS 

Common metrics to evaluate the forecast accuracy include MAE (Mean Absolute Error), MBE (Mean Bias 

Error), MSE (Mean Square Error), RMSE (Root Mean Square Error) ,CRM (Coefficient of Residual Mass), SEC 

(Standard Error Coefficient) and NCOV (Normalized Coefficient of Variation). It is always important to 

remember that MAE, MBE and RMSE have the same units of the variable under investigation and thus 

cannot be compared to variables that are scaled differently. In order to eliminate the influence of the 

different dimensions in the accuracy metrics MSE, MBE, MSE, RMSE, metrics are divided by the mean of the 

observed values (ὓ) as proposed by Cai et al (2017). Accuracy metrics could be used in the direct problem 

to evaluate the accuracy of a model and to guide the calibration process in the indirect problem but also to 

guide the evaluation of the performance in the validation process on newly observed-simulated dataset 

(cross-validation). 
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- MAE (Mean Absolute Error) 

-!% ϽВȿ- 3ȿ                                                                                                                                [equation 39] 

Where ὓ  is the observation value, Ὓ  is the simulated value and ΨΩnΩΩ the number of available real data. 

MAE is the simplest measure of forecast accuracy and it is simply, as the name suggests, the mean of the 

absolute values of the difference between the real value and the forecasted value, where all individual 

differences have the same weight. It considers the average magnitude of the errors in a set of predictions 

without considering their direction (positive or negative). MAE can range from 0 (best fit) to infinite and it 

expresses the average model prediction error in units of the variable of interest. 

- MBE (Mean Bias Error) 

-"% ϽВ - 3                                                                                                                                [equation 40] 

Where ὓ  is the observation value, Ὓ  is the simulated value and ΨΩnΩΩ the number of available real data. 

The Mean Bias Error is usually not used as a measure of the model error because high individual errors in 

the prediction could also give a low ὓὄὉ. Mean Bias Error is primarily used to estimate the average bias in 

the model and to decide if any steps need to be taken to correct the model bias. MBE can range from 0 

(best fit) to infinite and it captures the average bias in the prediction. 

- MSE (Mean Square Error) 

-3% ϽВ - 3                                                                                                                              [equation 41] 

Where ὓ  is the observation value, Ὓ  is the simulated value and ΨΩnΩΩ the number of available real data. 

The MSE is calculated as the average square difference between simulated and observed data and it is 

always strictly positive. MSE has the same units of the square of the estimated quantity in the brackets. 

MSE could range from 0 (best fit) to infinite. 

- RMSE (Root Mean Square Error) 

2-3% ϽВ - 3                                                                                                                        [equation 42] 

Where ὓ  is the observation value, Ὓ  is the simulated value and ΨΩnΩΩ the number of available real data. 

RMSE, called also Root Mean Square Deviation (RMSD), is a worldwide used parameter to measure the 

difference between values predicted by model and values observed. The individual differences (in brackets) 

are called ΨΩresidualsΩΩ.  

An alternative formulation of RMSE that can be used when different weights are given inside a specific 

dataset of measures is the following (Simunek and Hopmans, 2002) : 

2-3% ϽВ × - 3                                                                                                           [equation 43] 

Where  ᴂᴂÎᴂᴂ is the number of recorded measurements and ᴂᴂÍᴂᴂ is the number of estimated parameters, (n-

m) is the degree of freedom and wi the weight associated to each measurement of a dataset. 
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Loague and Green (1991) proposed to divide RSME by the mean of the observed values. However, relate 

RMSE to the average of the observed data produces an unstable index with values very close to zero. 

Despite this, the normalization of RMSE facilitates the comparison between datasets or models that use 

different scales. For this reason, Loague and Green introduced another very useful index, CRM, the 

coefficient of residual mass (Loague and Green, 1991). 

- CRM (Coefficient of Residual Mass) 

#2-
В В

В
                                                                                                                                   [equation 44] 

Where ὓ  is the observation value, Ὓ  is the simulated value and ΨΩnΩΩ the number of available real data. 

CRM measures the model tendency to underestimate or overestimate the measurements. The model 

underestimates the measurements when CRM has a positive value, while the model has a tendency to 

overestimate when CRM has a negative value. As the model efficiency NSE, CRM has been introduced by 

Loague and Green (1991). For a perfect model, CRM is equal to 0 (best fit). 

If the CRM is eȄǇǊŜǎǎŜŘ ƛƴ ǇŜǊŎŜƴǘŀƎŜΣ ƛǘ ŀǎǎǳƳŜǎ ǘƘŜ ƴŀƳŜ ƻŦ ΨΩ5ŜǾƛŀǘƛƻƴ ƻŦ ǊǳƴƻŦŦ ±ƻƭǳƳŜΩΩ, introduced by 

the World Meteorological Organization WMO (1986). 

$Ö Ϸ
В В

В
ρzππ                                                                                                                [equation 45] 

- SEC (Standard Error Coefficient/Standard Error Parameter) 

In statistics variance ʎ measures how far a set of data  ØȟȣȢȢȟØ is distributed with respect to its mean 

value Ø. The variance is defined as follow [equations 46, 47,48] 

„
В Ӷ

                                                                                                                                 [equation 46] 

ὢ ὼȟȣȢȢȟὼ                                                                                                                               [equation 47] 

Ø
В

                                                                                                                                                          [equation 48] 

The variance is the square of the standard deviation ʎ . 

„
В Ӷ

                                                                                                                              [equation 49] 

The standard deviation is a measure of the amount of variation (dispersion) of a set of data. A low standard 

deviation indicates that the values tend to be close to the mean (also called the expected value) while a 

high standard deviation indicates that the values are distributed over a wider range. Standard deviation is a 

measure of uncertainty. The standard deviation of a group of repeated measurements gives information on 

the precision of these measurements. If the modeler needs to understand if measurements agree or not 

with a theoretical prediction, the standard deviation of these measurements is of crucial importance. If the 

mean of the measurements is too far from the prediction (with the distance measured using the standard 

deviation), then the theory being tested probably needs to be revised. This makes sense since the 

measurements fall outside the range of values that could reasonably be expected to occur if the predictions 

were correct and the standard deviation was appropriately quantified. Standard deviation could be used to 

https://en.wikipedia.org/wiki/Statistical_dispersion
https://en.wikipedia.org/wiki/Mean
https://en.wikipedia.org/wiki/Expected_value
https://en.wikipedia.org/wiki/Measurement
https://en.wikipedia.org/wiki/Accuracy_and_precision
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obtain also confidence intervals on the variance of residuals from a least squares fit under standard normal 

theory, where έnέ is now the number of degrees of freedom (see chapter §2_7_2_5). 

Now we can define the standard error coefficient (SEC). Standard error is a statistical index that measures 

the accuracy with which a sample distribution represents a population by using standard deviation. Usually 

SEC refers to the standard deviation of a statistical parameter such as the mean or the median. For example 

the standard error of the mean 3%#ὼӶ expresses the standard deviation of the distribution of sample 

means sampled from a population. The general formulation is: 

3%#ὼӶ
Ѝ

                                                                                                                                                [equation 50] 

Where  is the sample standard deviation and ΨΩnΩΩ the sample size. 

3%#ὼӶ is calculated taking the standard deviation and dividing it by the square root of the sample size. It 

depends on both the standard deviation and the sample size. It is inversely proportional to the sample size: 

the larger the sample size, the smaller the standard error. If we want to investigate how widely scattered 

some measurements are, we can use the standard deviation. If we want to investigate the uncertainty 

around the estimate of the mean measurement, we can use the standard error of the mean.  

The concept of the Standard Error Coefficient can be applied to a system of equations for which the 

significance of each parameter aims to be investigated. The application to the system of flow equations 

solved by the Levenberg-Marquardt (LM) algorithm is presented. 

In the following, vectors and arrays appear in bold. Let ᴂᴂ Æ ᴂᴂ be an assumed functional relation which maps 

a parameters vector Ᵽᶰᴙ to an estimate measurements vector  ● : 

█●ȟⱣ     █ ɴ ᴙ□     ●ɴ ᴙ□     Ᵽᶰᴙ     ά ὲ                                                                            [equation 51] 

►Ᵽ  █●ȟⱣ    (residuals)                                                                                                                      [equation 52] 

ὶ  Ὢ●ȟⱣ    Ὥ ρȟά                                                                                                                              [equation 53] 

The LM algorithm minimizes the objective function ʊ : 

ɮⱣ  В ὶ Ᵽ                                                                                                                                       [equation 54] 

Starting with an initial guess Ᵽ for the minimum, the method proceeds by iterations: 

Ᵽ▓ Ᵽ▓ ЎⱣ                                                                                                                                     [equation 55] 

╙►▄▼
╣Ͻ╙►▄▼ϽЎⱣ  ╙►▄▼

╣Ͻ►                                                                                                             [equation 56] 

╙►▄▼░▒
⸗►░Ᵽ

▓

⸗Ᵽ▒
                                                                                                                                        [equation 57] 

ЎⱣ  ╙►▄▼
╣Ͻ╙►▄▼ Ͻ╙►▄▼

╣Ͻ►                                                                                                            [equation 58] 

where  ╙►▄▼
╣ denotes the matrix transpose. 

The matrix ╙►▄▼
╣Ͻ╙►▄▼ Ïn the left hand side is the approximate Hessian. 

https://en.wikipedia.org/wiki/Least_squares
https://en.wikipedia.org/wiki/Degrees_of_freedom_(statistics)
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The residual standard deviation is defined as: 

„
В

                                                                                                                                              [equation 59] 

ὨὪ ὨὩὫὶὩὩ έὪ ὪὶὩὩὨέάά ὲ 

It is relevant to note the likeness between this formula and the general formulation SEC (degree of freedom 

instead of sample size, sum of quadratic residuals instead of the standard deviation). 

To calculate the proper standard error for a given parameter the following formula is applied: 

„ „ ϽὌ                                                                                                                                           [equation 60] 

Where Ὄ  is the j_th diagonal element of the inverse of the Hessian matrix: 

ὐ Ͻὐ                                                                                                                                               [equation 61] 

„  provides a measure of how precisely each parameter has been estimated. It must, however, be 

interpreted with care. In fact its computation is based on the assumption that the data points are 

statistically independent. Under such circumstances the Parameter Standard Error underestimates the true 

error.  

We are often interested in verifying hypotheses on one single estimated parameter in order to understand 

if the model under investigation is parameter redundant. 

A t-test could be used to evaluate the significance of each parameter: 

Ὄ ὬώὴέὸὬὩίὭί O     — π 

Ὄ ὬώὴέὸὬὩίὭί O     — π 

If the ( hypothesis is true, ʃ parameter could be eliminated from the model. The t-value is equal to: 

ὸ                                                                                                                                                          [equation 62] 

Once the statistic value ὸ is determined, we have to read in t-test table the critical value Ôȟ  of the 

{ǘǳŘŜƴǘΩǎ t-distribution described by ᴂᴂὨὪ ά ὲ ᴂᴂ degree of freedom corresponding to the significance 

level ɻ of our choice (5% i.e. ɻ πȢπυ). If ὸ ὸȟ  we reject (  that means that the parameter — is 

significant. 

- NCV (Normalized Coefficient of Variation) 

The Coefficient of Variation (CV), also known as the Relative Standard Deviation, is a statistical measure of 

the dispersion of a data set around the mean. It is calculated as the ratio of the standard deviation to the 

mean and it is usually expressed in percentage (NCV). 

#6
Ӷ
                                                                                                                                                         [equation 63] 
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.#6
Ӷz
ρππ                                                                                                                                       [equation 64] 

where: ὢ ὼȟȣȢȢȟὼ and  Ø
В

. 

The Coefficient of Variation (CV) is sometimes preferred to the standard deviation because it is 

independent of the unit of measurement. When comparing the variability between datasets with different 

measurement scales or very different mean values, the coefficient of variation can be a useful alternative 

or complement to the standard deviation. Higher the CV, greater the spread of the data around the mean. 

However, the coefficient of variation should not be used when the mean value is close to zero. The 

coefficient of variation can approach infinity and its value is susceptible to small changes in the mean. 

The downside is that CV is invariant to the number of data so it does not show the increase in the 

measurements certainty with the increasing number of input data. For this particular limit, the standard 

deviation is a superior indicator. 

2_7_2_2 EFFICIENCY CRITERIA 

In this section, the Efficiency Criteria used in this study are presented and discussed. In particular five 

criteria have been used: 

¶ Coefficient of determination. 

¶  Nash-Sutcliffe efficiency. 

¶  Nash- Sutcliffe efficiency with logarithmic values. 

¶  Index of Agreement, together with four modified forms that may provide more information on the 

systematic and dynamic errors present in the model simulation. 

Below a series of definitions, used later to introduce efficiency criteria parameters, are reported: 

ὢ ϽВ ὢ    (mean value)                                                                                                                     [equation 65] 

„ ϽВ ὢ ὢ  (variance)                                                                                                               [equation 66] 

„ ϽВ ὢ ὢ  (standard deviation)                                                                                         [equation 67] 

ὅέὺ ὢȟὣ ϽВ ὢ ὢ Ͻὣ ὣ (covariance)                                                                            [equation 68] 

- NSE (Nash-Sutcliffe Efficiency) 

ὔὛὉρ
В

В
                                                                                                                              [equation 69] 

 

Where ὓ  is the observation value, Ὓ  is the simulated value, ΨΩnΩΩ the number of observed data and ὓ the 

mean of the observed values. It is used in almost every field of simulation. The NSE criterion is a normalized 

statistic parameter that measures the relative magnitude of the model error variance compared to the 

measured data variance (Nash and Sutcliffe, 1970). The biggest disadvantage of NSE criterion is the fact 

that the differences observed-simulated data are calculated as squared values. In this way larger values in a 

time series are strongly overestimated while lower values are neglected (Legates and McCabe, 1999) 
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.3% = 1 corresponds to a perfect match between modelled and observed data; 

.3% = 0 indicates that the model predictions are as accurate as the mean of the observed data; 

.3% < 0 indicates that the mean of the observed data is a better predictor than the model. 

NSE is born and firstly used to calibrate parameters of hydrological models, to compare modelling results 

and to communicate the results to stakeholders or to other modellers (Moussa et al, 2010).NSE in flow 

models is often applied to short time period (a day or couple of days) to evaluate model ability to represent 

extreme values (for example flow peaks). If applied to long time period (month), it is used to evaluate the 

general pattern of flows without considering the single events. In this case, it is not recommended to use 

NSE parameter to evaluate the model during the low flows because the parameter is dominated by the 

high flows errors (Thirel et al, 2014). This is because NSE is not sensitive to systematic model over and 

under predictions especially in long-time simulations. NSE has a range from 1 (best fit) to ς infinite (usually 

when NSE <0, the simulation is unacceptable). 

- NSE log (Nash-Sutcliffe efficiency with logarithmic values) 

ὔὛὉ ρ
В

В
                                                                                                              [equation 70] 

ὓ ὰέὫὓ ὧ                                                                                                                                  [equation 71] 

Ὓ ὰέὫὛ ὧ                                                                                                                                     [equation 72] 

Where ὓ  is the observation value, Ὓ  is the simulated value, ΨΩnΩΩ the number of observed data and ὓ  is 

the mean of the ὓ  values with i varying from 1 to ΨΩnΩΩ. ΨΩcΩΩ is a positive constant equal to the 10th 

percentile of the observed data. The use of this constant de-emphasises all the very small values that tend 

to be unrealistic and avoids numerical problem when attempting to calculate the logarithm of 0. For the 

same reason it is not possible to apply NSElog to negative or zero because the logarithm in these cases is 

undefined. 

To overcome the problem related to NSE sensitivity to extreme values and the squared differences in the 

field of hydraulic modelling, NSE has been calculated using the logarithm of the data. In this way, when 

NSElog is applied to model of flux the flow peaks are flattened and the low flow kept at the same level. In 

this way the parameter is more sensible to low flow values and in general the sensitivity to systematic 

model over and under prediction is increased (Seiller et al, 2012). 

- R PeŀǊǎƻƴΩǎ ŎƻǊǊŜƭŀǘƛƻƴ ŎƻŜŦŦƛŎƛŜƴǘ 

Ὑ
В Ӷ

В ϽВ Ӷ
                                                                                                                  [equation 73] 

 

Where ὓ  is the observation values, Ὓ  is the simulated values, ΨΩnΩΩ the number of observed data, ὓ the 

mean of the observed values and  ὛӶ the mean of the simulated values. 

One of most used parameter to express a measure of the dependence between two quantities is the 

Pearson Product-Moment Correlation CoefficientΣ ŎŀƭƭŜŘ ǎƛƳǇƭȅ ΨΩtŜŀǊǎƻƴΩǎ /ƻǊǊŜƭŀǘƛƻƴ /ƻŜŦŦƛŎƛŜƴǘΩΩ ƻǊ ΨΩǘƘŜ 

/ƻǊǊŜƭŀǘƛƻƴ /ƻŜŦŦƛŎƛŜƴǘΩΩ. It is based on the method of the covariance and with no doubt is one of the best 
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methods to measure the association between variables. The Correlation Coefficient gives information on 

the magnitude of the correlation or association and the direction of the relationship and it gives a measure 

of the strength of the linear relationship between two variables. 

The coefficient of determination  Ὑ  is defined as the squared value of the coefficient of correlation 

according to Bravais-Pearson. It is calculated as [equation 74]: 

Ὑ
В Ӷ

В ϽВ Ӷ
                                                                                                         [equation 74] 

Ὑ  can also be expressed as the squared ratio between the covariance (CV (M,S)) and the multiplied 

standard deviations of the observed „ ) and predicted values „). It estimates the combined dispersion 

against the single dispersion of the observed and predicted series [equations 75 and 76]: 

Ὑ
 ȟ

Ͻ
                                                                                                                                       [equation 75] 

„ ϽВ ὓ ὓ               „ ϽВ Ὓ ὛӶ                                                                     [equation 76] 

The Covariance suffers of the same limits of the variance: it has not the unit of measures of the input data 

and the same order of magnitude of the values Mi and Si. In R2 formulation, the division by „ Ͻ„  allows 

to have a dimensionless parameter whose absolute value no longer depends on the order of magnitude of 

the values Mi and Si. R2 ranges between 0 and 1. A value of 1 means that the dispersion of the predictions is 

equal to the one of the observations while a value of 0 means no correlation at all. One of the major 

drawbacks of the R2 value, if considered alone, is that it takes into consideration just the dispersion. It is 

always suggested to use this parameter together with other statistical parameters. 

An alternative formulation of R2 that could be used when different weights are given inside a specific 

dataset of measures is the following in equation 77 (Simunek and Hopmans, 2002): 

 

ὶ
В  В Вz ȾВ

В

В
 

В

В
 
                                                                                         [equation 77] 

 
The two formulations of the Coefficient of Determination (R2 and r2) are equivalent if the weights wi are all 
equal to 1 [equation 78, 79, 80].  
 
В ύ ὲ                                                                                                                                                    [equation 78] 
 
В

В

В
ὓ                                                                                                                                      [equation 79] 

 
В

В

В
ὛӶ                                                                                                                                          [equation 80] 
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- IA (Index of Agreement) 

Ὅὃ ρ
В

В ȿ ȿȿ ȿ
                                                                                                                   [equation 81] 

 

Where ὓ  is the observed value, Ὓ  is the simulated value, ΨΩnΩΩ the number of observed data and ὓ the 

mean of the observed values. The Index of Agreement proposed by Willmott (1981) is able to overcome the 

insensitivity of NSE and R2 to the differences between observed and predicted variances and mean (Legates 

and McCabe, 1999). It represents the ratio between mean square error and potential error and it varies 

between 0 and 1. A value of 1 indicates a perfect match while a value of 0 no agreement at all. IA is able to 

detect the additive and proportional differences in the simulated and observed means and variances. The 

main limit of this parameter is the oversensitivity to extreme values due to the squared differences. For this 

reason IA, as seen for NSE, is very sensitive to peak flows and insensitive to low flow conditions. 

- Modified forms of NSE and IA 

ὔὛὉ ρ
Вȿ ȿ

Вȿ ȿ
      Ὦɴ ὔ                                                                                                            [equation 82] 

 

Ὅὃ ρ
Вȿ ȿ

В ȿ ȿȿ ȿ
   Ὦɴ ὔ                                                                                                [equation 83] 

Where ὓ  is the observed value, Ὓ  is the simulated value, ΨΩnΩΩ the number of observed data and ὓ the 

mean of the observed values. To overcome the oversensitivity to extreme values of NSE and IA, these 

general forms of the two equations could be used. In hydrologic modelling, it has been found that for j=1 

the overestimation of the flood peaks is significantly reduced resulting in a better evaluation especially of 

the lower values while an increase of j results in an increase of the sensitivity to high flows, for this reason 

it is recommended to use a value of j>1 only when high flows are of interest (Krause et al, 2005). The use of 

j>1 to study low values must be avoided. As seen for NSE and IA, both parameters are in the range 0-1 (1 is 

the best fit). Due to the fact that absolute values are preferable to squared terms to avoid that errors of 

outliers are over weighted when squared, the choice to adopt j=1 is commonly accepted (Legates and Mc 

Cobe, 1999). 

- Relative efficiency criteria (NSErel and IArel ) 

ὔὛὉ ρ
В

В

                                                                                                                             [equation 84] 

Ὅὃ ρ
В

В

                                                                                                                  [equation 85] 

All criteria described above are able to quantify the differences between observed and predicted values in 

absolute value. The result gives an over or under prediction of the higher values while lower values have a 

low influence on the parameter value. For this reason the parameters NSErel and IArel based on relative 

deviation and derived from NSE and IA are proposed. As seen for NSE and IA, both parameters are in the 

range 0-1 (1 is the best fit). 
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- KGE (Kling-Gupta Efficiency) 

Gupta et al (2009) proposed a diagnostically interesting decomposition of the Nash-Sutcliffe efficiency 

parameter which could facilitate the analysis of the relative importance of its different components 

(correlation, bias and variability) in the context of hydrological modelling. Kling et al (2012), proposed a 

revised version of this index, to ensure that the bias and variability ratios are not cross-correlated.  

ὑὋὉρ Ὑ ρ ρ
Ӷ
ρ                                                                                  [equation 86] 

„ ϽВ ὓ ὓ              „ ϽВ Ὓ ὛӶ                                                                      [equation 87] 

- Mass Balance Error 

Mass Balance Error is usually displayed in the postprocessor. It gives an indication of the accuracy with 

which the finite difference matrix equations are being solved. Despite this, it is not advisable to use this 

efficiency indicator alone because in some cases a small mass balance error may not indicate a high degree 

of model accuracy while, on the contrary, a large mass balance error is usually indicative of a low accuracy. 

If the mass balance error is equal to 0% it means that the mass is being perfectly conserved. Generally a 

mass balance error less than about 1% is an indication of good accuracy. If an error greater than 1% is 

obtained, it may indicate that the matrix solver is not solving the matrix equation with a good accuracy. To 

reduce mass balance error, the grid spacing and the time step have to be changed. There is just one case 

when a large mass balance error is not a sign of inaccuracy. It is the case in which there is a sudden change 

of pressure head in a boundary condition. This leads to an instantaneous change in the water stored in the 

mesh grid close to the boundary that was noted here in the step before so the model sees it as a 

discrepancy in the total mass balance. This situation happens in every first time step of a simulation 

because there is discrepancy between initial conditions and the first time step. 

-Model Tolerance 

The HYDRUS program numerically solves the Richards equation for saturated-unsaturated water flow. Due 

to the high non-linearity of RichardsΩ equation, an iteration process is adopted to solve the global matrix 

equation for each time step. Using the Gaussian elimination solving method or the conjugate gradient 

method the system of algebraic equations derived from the global matrix is solved. Then the global matrix 

is inverted and its new coefficients are recalculated using the first solution then the process is started again 

for the next time step. The iteration stops when in every point of the saturated and unsaturated domain 

changes in the two main variables (water content and pressure head) are less than the value imposed as 

water content/pressure head tolerance. It is important to set a tolerance that is representative of the 

investigated variables and of the precision of the instrumentation. For example a reasonable tolerance for 

the water content is between 0,01 and 0,05 while for pressure head between 0,05 m to 0,1m. When setting 

the tolerance of a physical property it is extremely important to take into account the precision of the 

measuring devices in use. In our case GS3 and SM150T with a specific calibration have a precision of +/- 

0,01-0,02 and with a general calibration a precision of 0,03-0,04. T8 has an accuracy of +/-0,5 kPa (0,05 m) 

in the working range between -85/+100 kPa and MPS6 has an accuracy of -8 /+12 kPa (0,81-1,22m) in the 

range -9 to -100 kPa. The choice of a tolerance below 0,01 (-) for water content and 0,05 m for pressure 

head in our case has no significance. 
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2_7_2_3 MODEL SELECTION CRITERIA 

Probabilistic statistical parameters could be used to quantify both the model performance on the training 

dataset and the model complexity. As a final goal they are able to guide the model selection ranking the 

analysed models (from the best to the worst). A large number of criteria have been introduced with this 

purpose, each of them lead to different theoretical properties and is suitable for a different type of 

database. Akaike and Bayesin Information Criterion are penalized-likelihood criteria extensively used to 

perform model comparisons. AIC works well with large dataset while BIC favors simpler model due to a 

tighter penalization for the number of parameters (with respect to AIC). In general, it is suggested to use 

both the criteria in model selection. 

- AIC (Akaike Information Criterion) 

To compare different models, the Akaike information criterion (AIC) (Akaike, 1974) could be used to 

compare the quality of thŜ Ŭǘ ŀƳƻƴƎ ǘƘŜ ǎŜƭŜŎǘŜŘ ƳƻŘŜƭǎ ǿƘƛƭŜ ǘŀking into account the number of 

parameters. For Gaussian process, AIC can be estimated from the residual sum of squares from the fitted 

model [equation 88]: 

!)#ÎϽÌÎςϽʌ ÌÎ
В

ρ Í                                                                                    [equation 88] 

Where ᴂᴂÎΩΩ is the number of recorded measurements and ᴂᴂÍᴂᴂ is the number of estimated parameters. AIC 

could be seen as the sum of a constant and the relative distance between the unknown true likelihood 

function of the data and the fitted likelihood function of the model. A good model is the one that has 

minimum !)# among all the other models because a lower value of AIC means that the model is closer to 

ǘƘŜ ΨΩǘǊǳǘƘΩΩΦ !ŎŎƻǊŘƛƴƎ to Burnham and Anderson (2004) the expression of AIC could be used only if the 

number of data points n divided by the number of parameters (m) is greater than 40. Models having AIC <2 

have substantial support (evidence), between 4 and 7 have considerably less support, above 10 have no 

support at all. 

It is possible to define a value of AICmin among all the indirect simulations performed with that same 

hydraulic model. A ranking between these simulations could be performed easily calculating the ratio 

AIC/AICmin. More this ratio is close to one, more the simulation is well evaluated. 

-BIC (Bayesian Information Criterion) 

")#!)#ςϽÍ ÍϽÌÎ Î                                                                                                              [equation 89] 

Where ᴂᴂÎᴂᴂ is the number of recorded measurements and ᴂᴂÍᴂᴂ is the number of estimated parameters. 

Bayesian information criterion (")#) is another criteria for model selection that measures the trade-off 

between model fit and complexity of the model. A lower BIC value indicates a better fit because the model 

is considered to be more likely the true model (Stone, 1979). BIC and AIC could assume also negative value 

in this case the best fit is the smallest negative value. 

It is possible to define a value of BICmin among all the indirect simulations performed with that same 

hydraulic model. A ranking between these simulations could be performed easily calculating the ratio 

BIC/BIC min. More this ratio is close to one, more the simulation is well evaluated. 

https://www.researchgate.net/publication/271196714_New_Look_at_Statistical-Model_Identification?el=1_x_8&enrichId=rgreq-474e55104556659cd6cf3ffab4d22192-XXX&enrichSource=Y292ZXJQYWdlOzI3MDQ3NDEyNDtBUzoxODg3NjE1NDc3NDczMjhAMTQyMjAxNTY2ODA4OA==
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-HQIC (Hannan-Quinn Information Criterion) 

ɮ !)#ςϽÍ ÃϽÍϽÌÎ ÌÎÎ                                                                                                      [equation 90] 
Where Ã is a constant greater or equal to 2 (Carrera & Neuman,1986). 
 
This criterion (Hannan, 1980) measures the goodness of the fit of a statistical model. It is not based on a 

log-likelihood function but is related to the AIC Criterion. As seen for AIC and BIC, it assumes a penalty term 

for the number of parameters. A lower HQIC implies fewer explanatory variables of the model, a better fit 

or both. 

It is possible to define a value of HQICmin among all the indirect simulations performed with that same 

hydraulic model. A ranking between these simulations could be performed easily calculating the ratio 

HQIC/HCQICmin. More this ratio is close to one, more the simulation is well evaluated. 

2_7_2_4 STATISTICAL SIGNIFICANCE CRITERIA 

Usually researchers are more interested in the difference between means than in the specific values of the 

ƳŜŀƴǎΦ LŦ ǿŜ ŀǎǎǳƳŜ ǘƘŀǘ ǘƘŜ ƴǳƭƭ ƘȅǇƻǘƘŜǎƛǎ Iƻ ƛǎΥ ΨΩǘƘŜ ŘƛŦŦŜǊŜƴŎŜs between means are zero because they 

ŀǊŜ ǇǳǊŜƭȅ ŘǳŜ ǘƻ ǊŀƴŘƻƳΦΩΩ {ƛƎƴƛŦƛŎŀƴŎŜ ƭŜǾŜƭǎ όʰ ƭŜǾŜƭύ ŀǊŜ ǳǎŜŘ ǘƻ ǘŜǎǘ ŀƴ ƘȅǇƻǘƘŜǎƛǎ ŀƴŘ ǘƘŜȅ ǊŜǇǊŜǎŜƴǘ 

the probability of making the wrong decision when the null hypothesis is true. The confidence level (CL) is 

calculated as ρ ɻϽρππϷΣ ǎƻ ƛŦ ʰ=0,05, the corresponding confidence level is 95%. The CL 90%, 95%, 

99% are the most commonly used. If a CL equal to 95% is adopted it means that we have the 95% 

probability that we choose the right hypothesis with a risk of error equal to (100-95)/100=5%. 

- {ǘǳŘŜƴǘΩǎ ǘ-test  

Student's t-test is among the most commonly used statistical significance tests. It is able to compare the 

mean of two unrelated groups of samples. The t-test is able to evaluate if the means of two groups are 

statistically different from each other. First of all we have to formulate two kinds of hypotheses: the null 

hypothesis assumes that no differences exist between the two means, the alternative hypothesis assumes 

that the two means are statistically different. The final goal of this statistical test is to determine if the null 

hypothesis has to be rejected or not. 

The two means and the corresponding standard deviations are calculated by using the following equations 
[equation 91, 92, 93, 94, 95]. nX and nY are the number of measurements in dataset X and dataset Y, 
respectively: 

 

ὢ ϽВ Ø                                                                                                                                                [equation 91] 

ὣ ϽВ Ù                                                                                                                                                 [equation 92] 

„
В

                                                                                                                                               [equation 93] 

„
В

                                                                                                                                               [equation 94] 
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„
Ͻ Ͻ

                                                                                                                               [equation 95] 

Finally, the statistic texp (experimental t value) is calculated: 

Ô
ὢ ὣ

„ς „ς

                                                                                                                                      [equation 96] 

ÄÆÎ Î ς                                                                                                                                           [equation 97] 

tex value is compared with the critical (theoretical) t th value corresponding to the given degree of freedom 

df and the chosen confidence level ρ ɻϽρππϷΦ ¢ƘŜ ǉǳŀƴǘƛǘȅ ʰ ƛǎ ǘƘŜ ƳŀȄƛƳǳƳ ŀŎŎŜǇǘŀōƭŜ Ǌƛǎƪ ƻŦ 

falsely rejecting the null-ƘȅǇƻǘƘŜǎƛǎΦ ¢ƘŜ ǎƳŀƭƭŜǊ ǘƘŜ ǾŀƭǳŜ ƻŦ ʰ, the greater the strength of the test. Tables 

of critical t-values t th can be found in any book of statistical analysis, as well as in many quantitative analysis 

textbooks. If tex>tth then H0 is rejected else H0 is retained. However there is no need to use statistical tables 

containing critical values: it is sufficient to compute a numerical value p. The p-value is the probability of 

the error made by rejecting a null hypothesis when it is actually true. 

For example, supposing that we have decided to work at Confidence level 95% (‌ πȟπυ)  

A value of p = 0.085 means that H0 must be accepted ὴ ὺὥὰόὩ‌ 

A value of p = 0.021 means that H0 must be rejected ὴ ὺὥὰόὩ‌ 

A p-value of 5% or lower is often considered to be statistically significant.  

Accordingly, if we decide to work at CL 90%, in both cases (P = 0.085, P = 0.021) H0 is rejected, whereas if 

we decide to work at CL 99%, in both cases H0 is accepted. 

Graphically the p-value is the area underneath the curve (observed data on the x axis - probability density 

on the y axis) past the observed data point considered. p- value range between 0 and 1. If we are testing 

the possibility in just one direction, disregarding the possibility in the other direction, a one-tailed test is 

chosen. On the contrary if both the possibilities are investigated, the two-tailed test has to be chosen. In 

the one-tailed test, with a significance level of 0,05; all the significance is allotted in the single tail. For the 

two-tailed test, 0,025 in each tail. 

- z-test  

A z-test is a statistical test to determine whether two means are statistically different, ŀǎ ǎŜŜƴ ŦƻǊ ǎǘǳŘŜƴǘΩǎ 

t-tests. It is used when the variances of two populations are known and the sample size is large. While the 

t-ǘŜǎǘ ƛǎ ōŀǎŜŘ ƻƴ {ǘǳŘŜƴǘΩǎ ǘ-distribution, the z-test is based on the normal one. Both the distributions are 

symmetrical and with a bell-shape but the t-ŘƛǎǘǊƛōǳǘƛƻƴ ƛǎ ƳƻǊŜ ΨΩƴŀǊǊƻǿΩΩ ƛƴ ǘƘŜ ŎŜƴǘre ŀƴŘ ΨΩǿƛŘŜǊΩΩ ƛƴ ǘƘŜ 

tails. As seen for the t-test, two hypothesis are formulated (null and alternative hypothesis). If the statistic 

test is lower than the critical value, the null hypothesis is accepted or else it is rejected. 
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2_7_2_5 OTHER STATISTICAL INDICES 

Uncertainty in measured data, boundary conditions and initial conditions have an adverse effect on the two 

statistical measures of 95% Confidence Limits and parameters correlation (Simunek et al, 2012). Both the 

statistical indices increase with uncertainties. Due to the high non linearity of the flow equation it is almost 

impossible to understand how the error will propagate in the modelling output or in the values of the 

optimized parameters. Both the statistical indices are obtained investigating the objective function in 

vicinity of its minimum, where the optimized parameter has been defined. Both express how well a 

parameter has been optimized or if it is possible to be optimized. 

- Confidence Interval 

The confidence interval is a type of estimate computed from the statistics of the observed data. It proposes 

a range of plausible values for an unknown parameter (for example, the mean). The interval has an 

associated confidence level that the true parameter is in the proposed range. Confidence level refers to the 

percentage of probability, or certainty, that the confidence interval would contain the true parameter. The 

confidence level of 95 ҈ ƛǎ ǳǎǳŀƭƭȅ ǎŜƭŜŎǘŜŘ ōŜŎŀǳǎŜ ƛǘ ƛǎ ŎƻƴǎƛŘŜǊŜŘ άƎƻƻŘ ŜƴƻǳƎƘέΦ With a 95% confidence 

interval the probability of observing a value outside of this area is less than 0.05. 

The concept of the confidence interval is very important in statistics since it is used as a measure of 

uncertainty. Most frequently, we use confidence intervals to bind the mean. A confidence interval is a 

range around a measurement that conveys how precise the measurement is. The confidence interval tells 

you more than just the possible range around the estimate because it also gives information about how 

stable the estimate is. Wider confidence intervals in relation to the estimate itself indicate instability. 

Confidence intervals may also be used to determine whether two samples means are statistically different. 

The confidence interval is calculated based on the standard error of a measurement.  

If we consider a StǳŘŜƴǘΩǎ ǘ-distribution the formula for the confidence interval can be expressed as: 

ὢ ϽВ Ø                                                                                                                                                                                       [equation 98] 

„
В

                                                                                                                                               [equation 99] 

The t-distribution is described by ὨὪdegrees of freedom: 

ÄÆÎ ρ                                                                                                                                                   [equation 100] 

ὢ ὸᶻϽ
ὲὢ
 ȟὢ ὸᶻϽ

ὲὢ
                                                                                                                   [equazione 101] 

Ѝ
ὛὉὅίὸὥὲὨὥὶὨ Ὡὶὶέὶ ὧέὩὪὪὭὧὭὩὲὸ                                                                                    [equazione 102] 

ὸᶻ ὸᶻÎ8ȟÄÆȟɻ                                                                                                                                    [equazione 103] 

Where ὸᶻ όʰκнΣŘŦύ ƛǎ ǘƘŜ ǳǇǇŜǊ ŎǊƛǘƛŎŀƭ ǾŀƭǳŜ ƻŦ ǘƘŜ {ǘǳŘŜƴǘΩs-t distribution with df degrees of freedom to 

the desired significance level ɻ (such that the probability of observing a value greater than t* is equal to ♪). 

https://statisticsbyjim.com/glossary/mean/
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The confidence interval is obtained in Hydrus software by Pc-Progress in the output of the indirect problem 

from the Standard Error Coefficient (SEC) as follows: 

Lower limit= parameter value ς Z0.95 *SEC                                                                                             [equation 104] 

Upper limit= parameter value + Z0.95 *SEC                                                                                             [equation 105] 

Where ΨΩǇŀǊŀƳŜǘŜǊ ǾŀƭǳŜΩΩ ƛǎ ǘƘŜ ǾŀƭǳŜ ƻf the optimized parameter, Z0,95 is the approximated value of 95 
percentile point of the t-distribution. 
 
If we consider a normal distribution the formula for the confidence interval can be expressed as: 

ὢ ᾀzϽ
ὲὢ
 ȟὢ ᾀzϽ

ὲὢ
                                                                                                                   [equation 106] 

Where ᾀᶻ όʰκнΣŘŦύ ƛǎ ǘƘŜ ǳǇǇŜǊ ŎǊƛǘƛŎŀƭ value of the normal distribution with df degrees of freedom to the 

desired significance level ɻ. 

-Mutual correlation between parameters 

In statistic, the covariance provides a measure of the strength of the correlation between two or more 

variables. The sign of the covariance shows which type of linear relation links two variables. If a greater 

value of one variable corresponds to a greater value of the other, the covariance is positive, while if the 

variables show the opposite behaviour, the covariance is negative. 

Covariance evaluates how much the considered variables change together. In other words, covariance is a 

measure of the variance between two variables without assessing the dependency between them. 

If we consider two random variables: 

ὢ ὼȟὼȟȣȢȟὼ   ὣ ώȟώȟȣȢȟώ                                                                                        [equation 107] 

ὢ ϽВ ὼ    (mean value)                                                                                                                    [equation 108] 

ὣ ϽВ ώ    (mean value)                                                                                                                    [equation 109] 

ὅέὺ ὢȟὣ ϽВ ὼ ὢ Ͻώ ὣ (covariance)                                                                          [equation 110] 

The variance is defined as the expectation of a variable from its mean.  

„ ϽВ ὼ ὢ ὅὕὠὢȟὢ  (variance)                                                                                   [equation 111] 

Variance and covariance are often displayed together in a variance-covariance matrix. 

The diagonal elements of the matrix contain the variances of the variables and the off-diagonal elements 

contain the covariances between all possible pairs of variables. 

The variance-covariance matrix is symmetric because the covariance between X and Y is equal to the 

covariance between Y and X. This is the reason why the covariance for each pair of variables is displayed 
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twice in the matrix: the covariance between the ith and jth variables is displayed at positions (i, j) and (j, i) of 

the matrix. 

Many statistical applications as the one implemented in Hydrus calculate the variance-covariance matrix for 

the estimators of parameters and often to compute the standard errors of estimators (see Standard Error 

Coefficient paragraph in this chapter §2_7_2_1 for more information). Hydrus software defines the 

covariance matrix C as follows: 

ÆØȟʃ π           Æ ɴ ᴙ Øɴ ᴙ ʃɴ ᴙ    Í ὲ                                                                                [equation 112] 

ʃɴ ᴙ parameter vector,  Ø measurement vector, 

Òʃ  ÆØȟʃ(residuals)                                                                                                                          [equation 113] 

Ò  ÆØȟʃ    É ρȟÍ                                                                                                                                [equation 114] 

The LM algorithm minimizes the objective function ʊ : 

ɮⱣ  В ὶ Ᵽ                                                                                                                                    [equation 115] 

Starting with an initial guess     Ᵽ    for the minimum, the method proceeds by iterations: 

Ᵽ▓ Ᵽ▓ ЎⱣ                                                                                                                                   [equation 116] 

╙►▄▼
╣Ͻ╙►▄▼ϽЎⱣ ╙►▄▼

╣Ͻ►                                                                                                           [equation 117] 

╙►▄▼░▒
⸗►░Ᵽ

▓

⸗Ᵽ▒
                                                                                                                                      [equation 118] 

ЎⱣ  ╙►▄▼
╣Ͻ╙►▄▼ Ͻ╙►▄▼

╣Ͻ►                                                                                                          [equation 119] 

where ╙►▄▼
╣denotes the matrix transpose. 

The matrix ╙►▄▼
╣Ͻ╙►▄▼ Ïn the left hand side is the approximate Hessian. 

The residual standard deviation is defined as: 

„
В

                                                                                                                                             [equation 120] 

ὨὪ ὨὩὫὶὩὩ έὪ ὪὶὩὩὨέάά ὲ; 

Under the stated assumptions, the parameter covariance matrix C is: 

ὅ „ὶὩίϽ╙►▄▼
╣Ͻ╙►▄▼                                                                                                                      [equation 121] 

To calculate the proper standard error for a given parameter, the following formula is applied: 

„ ὅ „ὶὩίϽὌὮὮ                                                                                                                        [equation 122] 

where ( is the j-th diagonal element of the inverse of the Hessian matrix. 
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The Correlation Matrix R is defined using the elements of the covariance matrix. The elements in the 

Correlation Matrix could be computed as follows: 

Ὑ ὅȾ ὅ    ὅ                                                                                                                              [equation 123] 

The correlation matrix displays the correlation coefficients between the independent variables of a model. 

The correlation coefficients quantify the changes in the prediction due to the change of the input 

parameter i and they compare it to the change due to another parameter j. A value of +/-1 means a perfect 

correlation while a value of 0 means that the two parameters are perfectly uncorrelated. If there is an 

evident correlation between optimized parameters, it is strongly advised to optimize them singularly, in this 

way one is fixed and the other is free to change. If an optimization process of the two correlated variables is 

necessary, it is advisable to add new data for the inverse process. In some cases, levels of high correlation 

in the inverse analysis have led to problems of convergence and non-uniqueness of the solution. 

- Simulation time 

In a direct problem, the time necessary to model the whole simulation period can be an efficient parameter 

which helps to choose rationally the geometrical dimension of the mesh and of the model itself 

(Length*Width*Height), the constitutive mechanical and hydraulic models that could be adopted (in 

relation also to the objectives of the simulation) and the accepted tolerance in the calculus. In the inverse 

problem, the computational time is related to the number of iterations performed by the software which 

corresponds to the number of times the direct problem has been recalculated with a new set of initial 

parameters. A higher computational time means more iterations and a higher probability to have an 

estimated value of the optimized parameter significantly different from the initial one. A lower 

computational time means that the parameter slightly deviates from the initial value that is very close to 

ΨΩǘƘŜ ōŜǎǘΩΩ ǾŀƭǳŜ ǘƻ ōŜ ŎƘƻǎŜƴ ǿƛǘƘ ǘƘƛǎ ǎŜǘ ƻŦ ƛƴƛǘƛŀƭ ǇŀǊŀƳŜǘŜǊǎ ŀƴŘ the chosen input data. In the indirect 

problem, time convergence is not a relevant parameter to be considered in the calibration procedure. 

In the following Table 1 a summary of some of the introduced metrics and their best value is presented: 

Table 1: Summary of some metrics/indices that will be used in the following chapters, with indication of the mathematical 
formula and of the best fit value. 

Metric Mathematical formula Description Best value 

ἙἋἏ ὓὃὉ
ρ

ὲ
Ͻ ȿὓ Ὓȿ 

Mean Absolute Error 0 

MBE  

or ME 
ὓὄὉ

ρ

ὲ
Ͻ ὓ Ὓ  Mean Bias Error 0 

MSE ὓὛὉ
ρ

ὲ
Ͻ ὓ Ὓ  

Mean Square Error 

 
0 

RMSE ὙὓὛὉ
ρ

ὲ
Ͻ ὓ Ὓ  

Root Mean Square Error 

 
0 

CRM ὅὙὓ
В ὓ В Ὓ

В ὓ
 

Coefficient of Residual Mass 0 
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SEC SEC= 
Ѝ

 

 

Standard error coefficient  

NCV .#6 ρzππ% 
Normalized Coefficient of variation 0 

ἠ Ὑ
В ὓ ὓ Ὓ ὛӶ

Вὓ ὓ ϽВὛ ὛӶ
 tŜŀǊǎƻƴΩǎ ŎƻǊǊŜƭŀǘƛƻƴ ŎƻŜŦŦƛŎƛŜƴǘ 1 

  ἠ  
Ὑ

В ὓ ὓ Ὓ ὛӶ

Вὓ ὓ ϽВὛ ὛӶ
 

 

Coefficient of determination 1 

r2 ὶ
Вύὓ Ὓ Вύὓ ВzύὛȾВύ

ύὓ
Вύὓ
Вύ

 ύὛ
ВύὛ
Вύ

 
 

Coefficient of determination considering 

the internal weights 
1 

NSE ὔὛὉ ρ
В ὓ Ὓ

В ὓ ὓ
 

Nash-Sutcliffe efficiency 1 

NSE log 
ὔὛὉ ρ

В ὓ Ὓ

В ὓ ὓ
 

ὓ ὰέὫὓ ὧ 

Ὓ ὰέὫὛ ὧ 

log Nash-Sutcliffe efficiency 1 

IA 
Ὅὃ ρ

В ὓ Ὓ

В ȿὛ ὓȿ ȿὓ ὓȿ
 

 

Index of Agreement 

 
1 

ἚἡἏἲ 
ὔὛὉ ρ

Вȿὓ Ὓȿ

Вȿὓ ὓȿ
      Ὦɴ ὔ 

 

Modified  efficiency 0 

ἓἋἲ 
Ὅὃ ρ

Вȿὓ Ὓȿ

В ȿὛ ὓȿ ȿὓ ὓȿ
   Ὦɴ ὔ 

 

Modified Index of Agreement 
 

1 

ἚἡἏἺἭἴ 
ὔὛὉ ρ

В
ὓ Ὓ
ὓ

В
ὓ ὓ
ὓ

 

 

Relative efficiency 1 

ἓἋἺἭἴ 
Ὅὃ ρ

В
ὓ Ὓ
ὓ

В
ȿὛ ὓȿ ȿὓ ὓȿ

ὓ

 

 

Relative index of agreement 1 

IAj=1 
Ὅὃ ρȢ

Вȿὓ Ὓȿ

ВȿὛ ὓȿ ȿὓ ὓȿ   
 

 

Modified index of agreement with j=1 1 

L!Ω 
Ὅὃᴂ ρȢ

Вȿὓ Ὓȿ

ςz Вȿὓ ὓȿ  
 

 

Modified index of agreement 1 

ἕἑἏ ὑὋὉ ρ Ὑ ρ
„

„
ρ

ὛӶ

ὓ
ρ  

 

Kling-Gupta efficiency 1 

AIC !)#ÎϽÌÎςϽʌ ÌÎ
В 3 -

Î Í
ρ Í Akaike Information Criterion  

BIC ")#!)#ςϽÍ ÍϽÌÎ Î Bayesian Information Criterion  
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HQIC (1)#!)#ςϽÍ ÃϽÍϽÌÎ ÌÎÎ  Hannan-Quinn Information Criterion  

 

The model tolerance, the t-student test, the z-test, p-value, mass balance error, confidence intervals and 

correlation coefficients are not reported in the previous table because they could not be described by a 

single formula as the reported metrics. 

3 THE CASE STUDY 

Secchia River is the main right hand tributary of Po River after Panaro, whose catchment area covers 2292 

km2 and its length reaches 172 km, the 57% of its course is in mountain environment and it represents 3% 

of the entire Po basin. As all Appennine watercourses, Secchia River alternates summer lean with spring 

and autumn flash floods. In fact, due to the proximity with the mountains, the basin catchment has a rapid 

response to precipitations. The particularly violent autumn floods are partly controlled in the upstream 

stretch of the river (in Campogalliano, near Modena) by a complex system of reservoir dams involving a 

surface of about 1,000 hectares, with a water capacity of about 15 million cubic meters. In this regime just 

a small amount of water could infiltrate in riverbanks, and for this reason the stability could be guaranteed 

by the unsaturated conditions. A change of this regime could cause stability problems since a persistent 

high water level could result in a deep saturation front leading to a possible failure. 

Secchia River embankments have a natural origin, but starting from XIX century anthropic actions changed 

the course of the river and its geometric sections in some parts. An overall look to River Secchia 

embankments shows earthly structures of considerable height (more than 7 m) with a crest 4-8 m wide, 

hillslopes with angles above 30° and a width of the base of less than 10 m. 

The research activities that are going to be presented in the following chapters are part of the INFRASAFE 

project funded in the POR FESR 2014-2020 scheme. The main goal of the project is the design and 

realisation of an integrated system to characterise and to continuously monitor river embankment stability 

under transient seepage conditions. A full scale geotechnical monitoring system has been implemented in a 

section of the Secchia River. The in situ installation of instruments and the majority of the tests performed 

to characterise physically, mechanically and hydraulically the soil samples have been performed by a 

research group, in particular by doctor Gragnano (DICAM, Bologna University) and doctor Rocchi 

(Department of Civil Engineering, Denmark University). A number of publications on the topic could be 

found in literature, such as Rocchi et al (2018a), Rocchi et al (2018b), Gragnano et al (2018), Gragnano et al 

(2019). 

No information are available on the study section about starting geometry, original course of the river and 

shape changes in time (Rocchi et al, 2018a). The chosen embankment section is 10 km downstream the 

location where during the flood event of January 19th, 2014 a disastrous collapse of a portion of the right 

bank of Secchia River ƻŎŎǳǊǊŜŘ ό5Ω!ƭǇŀƻǎ Ŝǘ ŀƭ, 2014). 38 million of cubic meters of water come out of the 

breakthrough causing one casualty and huge economic damages. An accurate inspection by high-resolution 

aerial photographs post flooding showed a number of animal burrows that most likely triggered the event 

(Vacondio et al, 2015). The location of the monitored section was chosen in the same portion of the river 
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where in 2014 remediation works were carried out by AIPO (Caleffi and Cerutti, 2014). Moreover 

piezometers and some sensors to monitor water content were installed during these interventions. The 

new sensors were installed in an area upstream to avoid any influence of the past interventions (see Figure 

2). 

 

Figure 2: schematic representation of Secchia watercourse with indication of the location of the embankment collapse in 2014 
and the new monitored section close to Cavezzo, Modena. 

The monitored embankment is 11 m high from the ground level, the inner slope is 32° and the outer slope 

is 28°. The crest of the embankment is 4,6 m wide with a white road used for the maintenance and 

emergency vehicles. The berm is 5,5 m wide and positioned 5,2 m below the crest of the embankment. In 

the vicinity of the berm, superficial landslides of little relevance occurred in the past, some of them were 

fixed by the AIPO remediation works previously mentioned. The crest is 38 m from the centre of the river. A 

topographic survey has been used to trace the embankment section. The inner and outer slopes are 

covered by low herbaceous vegetation, kept mowed during the whole year (mowed twice a year). The 

geometry of the investigated section is presented in Figure 3 below. 
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Figure 3: Schematic geometry of the investigated section of the instrumented embankment  

The stratigraphy of the embankment has been investigated with a series of 4 CPTU tests, two in the berm 

and two in the crest reaching 15 m and 25 m respectively. qt (corrected cone resistance) and u2 (pore water 

pressure) data were interpreted using Robertson (2009) charts in terms of SBT (soil behaviour type). The 

elaborated stratigraphy shows an embankment constituted of fine grained material, a mix of silt and clay in 

different proportions, becoming more fine moving from the river to the embankment. The 4 CPTU tests 

show also a modest change in the depth between different layers in different verticals. Unit A is an 

inhomogeneous ŀƭǘŜǊƴŀǘƛƻƴ ƻŦ ǎƛƭǘ ŀƴŘ ǎŀƴŘȅ ǎƛƭǘΣ ǳƴƛǘ !Ω Ŏƻƴǎƛǎǘǎ ƻŦ ŎƻŀǊǎŜǊ ŦƭǳǾƛŀƭ ǎŜŘƛƳŜƴǘǎ deposited 

during floods, unit B is made of a finer material compared to the above layer (unit A); unit C is a slightly 

coarser layer and it corresponds to the shallow aquifer affected by the changing hydrometric level of the 

river and rainfall contribution, with greater permeability compared to other layers, unit D, below unit C, is 

almost an uniform clayey layer. From the two continuous corings performed in the berm, the use of soil 

mixed with lime was found at certain depths, result probably of the previously mentioned remediation 

works, this hypothesis has been confirmed also by laboratory tests (carbonate content measurements) on 

the extracted cores. The 4 CPTU tests were performed during summer (June) and the embankment was 

highly in unsaturated conditions at the time, with a water table at the depth of 9 m from the crest. For this 

reason Qt (the normalised cone resistance), Fr (normalised friction) and Bq (pore pressure parameter) were 

calculated using the stress state under the hypothesis that the suction profile was linear and equal to the 

one experienced in the same embankment the year later the sensors installation. 
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Figure 4 The geometry of the investigated section with indications of the different layers as obtained by the interpretation of the 
CPTU tests according to Robertson, 2009. 

Characterization tests have been performed by doctor Gragnano and doctor Rocchi on the soil retrieved 

from the holes in which instrumentations were installed and on undisturbed samples. 9 grain size 

distributions, 7 specific gravity tests, 7 Atterberg limits were performed at different depths inside Unit A 

(embankment). 4 grain-size distribution, 4 specific gravity tests, 4 Atterberg limits, 4 organic contents for 

¦ƴƛǘ !Ω όŦƭǳǾƛŀƭ ŘŜǇƻǎƛǘύ ŀƴŘ н ƎǊŀƛƴ-size distribution, 2 specific gravity tests, 2 Atterberg limits, 2 organic 

contents for Unit B (foundation). In 5 undisturbed samples, the natural water content, the void ratio and 

the natural weight of the soil were obtained (Gragnano et al, 2018; Rocchi et al, 2018a). In Table 2, a 

summary of the results obtained from the characterization tests performed for the different soil units is 

presented: 

Table 2: A summary of the results of the characterisation tests performed on the investigated layers. 

 

3_1 THE INSTALLED INSTRUMENTATIONS 

All the installed sensors are commercially sold by notorious company and price, accuracy, ease of 

installation and ease of calibration were the main characteristics to guide the choice. These sensors have 

been developed in the agricultural field in order to monitor, control and increase the level of efficiency in 

agricultural productivity on large areas (irrigation schedule, water availability for plants etc). The adopted 

sensors were applied with due care to engineering purposes, overcoming issues related to installation, 

maintenance and long-time data acquisition. 

Between 2016 and 2017 the study section was instrumented with 7 GS3 by Meter Group (5 in the crest and 

2 in the berm) and 4 SM150-T by Delta-T Device (3 in the crest and 1 in the berm) for volumetric water 

wL (%) wP (%) clay (%) silt (%)  sand (%) gravel (%) w nat (%) Gs (-)
organic 

content (%)
CaCO3

embankment 32,9 19,3 13,7 48,0 38,3 0 18,4 2,646

fluvial 44,2 19,7 20,2 57,6 14,5 7,8 2,598 1,72 5,72

foundation 40,7 20,4 16,5 58,9 23,2 1,3 2,606 1,53 5,36
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content measurements, 2 Casagrande Piezometers, 9 MPS6 tensiometers by Decagon Device (6 in the crest 

and 3 in the berm) and 3 T8 tensiometers by UMS (2 in the crest and 1 in the berm) for pore water pressure 

measurements (in the positive and negative range). 20 sensors in total have been installed in the 

embankment body. T8 installation depth ranges from 5-7,9 m in the crest and 4,9m in the berm (just one 

sensor); GS3 installation depth ranges from 1,4-7,1 m in the crest and 0,7-2,2 m in the berm; SM150T has a 

range of 1,2-7,1 m in the crest (no sensor in the berm) and MPS6 has a range between 3,1-7,0 m in the 

crest and 0,9-2,7 m in the berm. The sensors have been installed in three times. In 2016 the Casagrande 

piezometers in the crest at a depth of 10 m and 17 m were installed by Hypo. Later in 2016, TC2, MPC2, 

MPC3, SPC3, SPB1 boreholes and the associated sensors installation were performed, in 2017 the 

remaining boreholes. A schematic drawing of the instrumented section is presented in Figure 5 below. 

 

Figure 5 Schematic drawing of the instrumented section with indications of the boreholes and the installed sensors. 

T8 measures directly matric water potential against atmospheric pressure in the working range between -

85/+100 kPa, with a nominal measurement accuracy of +/-0.5 kPa (UMS, 2011). The atmospheric pressure 

is taken at the ground level and conducted through a diaphragm positioned on the cable to the pressure 

sensor. If the water potential goes below -85 kPa, the ceramic cup gets dry and it could be refilled trough 

two capillary tubes without being removed from the soil when the soil is sufficiently moist again. T8 

tensiometer does not require a site specific calibration. 

MPS-6 measures the dielectric permittivity of a porous ceramic disc in equilibrium with the surrounding soil 

volume (Decagon Device, 2016a). The soil dielectric permittivity is a parameter directly correlated to soil 

water content and indirectly to soil water potential by means of the proper SWRC. Every ceramic stone has 

the same pore size distribution, with pores ranging in a wide interval, in this way the ceramic stone drains 

in a wide water potential range. The calibration curve of the porous ceramic disk (moisture characteristic 

curve of the ceramic) is provided by the manufacturer. MPS6 has a 6 points calibration curve: one point at 0 
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kPa (saturated state), one point at -100 MPa (air-dry state) and 4 points between -9 and -100 kPa. The 

accuracy in the range -9 to -100 kPa is +/- 10% of the reading+2 kPa. Due to the fact that MPS-6 sensors 

were developed for agricultural purposes and the water content and suction range under investigation is 

quite different from the one of interest in river embankment, a ƭŀōƻǊŀǘƻǊȅ ŎŀƭƛōǊŀǘƛƻƴ ƻŦ at{с ǎŜƴǎƻǊΩǎ 

response was performed. To do so, MPS6 readings and tensiometer readings were acquired using the 

following procedure. The in situ soil is prepared at a target void ratio with the two sensors installed at the 

same depth, then a gradient is established inside the soil sample from the bottom to the top, then the 

surface exposed to atmosphere is covered and when equilibrium is reached the two lectures are acquired 

(raw signal from MPS6 and suction from the tensiometer). The procedure is repeated 9 times drying every 

time a little more the soil sample up to a suction of 60 kPa. To obtain the calibration curve for suction 

values above 1 MPa, tensiometers reading are substituted with Dewpoint Potentiameter (WP4) readings. 

Comparing the obtained calibration curve with the one provided by the manufacturer is it possible to notice 

a reduction of the difference between the two calibration curves moving from low to high suction values. 

GS3 (Decagon Device, 2016b) and SM150 T (Delta-T Device, 2016) employ an oscillator to generate an 

alternating electrical current between two electrodes and measuring the resistance given by the 

surrounding soil. The sensor determines the volumetric water content (vwc) measuring the dielectric 

constant (ʁ ŀύ ƻŦ ǘƘŜ ƳŜŘƛǳƳ ŀǇǇƭȅƛƴƎ ǘƘŜ ŦǊŜǉǳŜƴŎȅ ŘƻƳŀƛƴ ǘŜŎƘƴƻƭƻƎȅΦ This is based on the fact that soil 

resistance is extremely sensitive to water content variations (Bittelli, 2011). A magnetic field of 70 MHz is 

created around the 8 mm long metal rods of the GS3 sensor while a magnetic field of 100 MHz for the 

SM150T sensor. The two electromagnetic frequencies are chosen in order to minimize textural and salinity 

effects. The working range of both instrumentations is 0,0-1,0 m3/m3, with an accuracy of +/- 0,03 m3/m3 

for a generic calibration (accuracy can rise up to +/- 0,01-0,02 m3/m3 for a site specific calibration). SensorΩǎ 

producer supplies a generic calibration equation that could work in all types of soils but a specific 

calibration is suggested to increase the accuracy of the data. For this reason, the calibration equation for 

the soil of interest was obtained in laboratory. The in situ soil was prepared at a given void ratio and water 

content (of interest for the future installation in the embankment), and a GS3 sensor was installed in it. The 

soil sample is wet from the top with a certain amount of water, then after an equilibration period, the 

water content is recorded. The procedure has been repeated multiple times. Due to the higher monetary 

cost of SM150T (with respect to GS3), only three sensors have been installed. 

Sensors were installed in boreholes created ad hoc, in a single-point installation or in a multiple-point 

installation. Multiple point installations have the advantages to reduce excavation costs and the number of 

holes (to not undermine embankment stability with preferential routes to water infiltration). Moreover the 

combined presence of a sensor for the water content measurement very close to a sensor for water 

potential measurement allow to obtain a SWRC in situ. As pointed out by Bordoni et al (2017), the 

determination of SWRC in laboratory shows intrinsic limitations such as availability of few experimental 

points, shorter investigated range of water content and suction, environmental conditions often not 

representative of the natural in situ conditions, disturbance in the sampled soil. It is therefore also relevant 

to remember that one of the big problems related to the use of multiple-point installation is the possible 

ƭŜŀƪ ƻŦ ǿŀǘŜǊ ŀƭƻƴƎ ǎŜƴǎƻǊǎΩ ŎŀōƭŜǎ ŦǊƻƳ ƻƴŜ ƛƴǎǘǊǳƳŜƴǘ ǘƻ ǘƘŜ other (Rocchi et al, 2018a).  

In the investigated embankment, a single-point installation has been used only for SM150T and T8 because 

these sensors were installed deeper (compared to GS3 and MPS6) at the base of the borehole in the 

undisturbed soil because disturbance could cause significant error in the readings. To ensure no 
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disturbance, a borehole of 5 cm of diameter was created and the last 20 cm were excavated using a hand 

auger with a smaller diameter (Rocchi et al, 2018b; Rocchi et al, 2018a). 

12 boreholes were realized in total and every hole has been named according to these abbreviations: SP 

ǎǘŀƴŘǎ ŦƻǊ ΨΩǎƛƴƎƭŜ Ǉƻƛƴǘ ŎƻǊƛƴƎΩΩΣ ΨΩ¢ΩΩ ŦƻǊ ΨΩtensiometerΩΩand ΨΩatΩΩ ǎǘŀƴŘǎ ŦƻǊ ΨΩƳǳƭǘƛǇƭŜ Ǉƻƛƴǘ ŎƻǊƛƴƎΩΩΦ 

Due to the fragility of MPS6 ǎŜƴǎƻǊΩǎ ǇƻǊƻǳǎ ǎǘƻƴŜǎΣ ǘƘŜ ƛƴ ǎƛǘǳ installation was performed creating around 

ǘƘŜ ǇǊƻōŜ ŀ ΨΩǎƻƛƭ ŎŀƪŜΩΩ ǳǎƛƴƎ ǘƘŜ ǎƻƛƭ ŦǊƻƳ ǘƘŜ ŜƳōŀƴƪƳŜƴǘΦ ¢ƘŜ ŎŀƪŜ ǘƘŀƴ ƛǎ ƭƻǿŜǊŜŘ ƛƴ ǘƘŜ ōƻǊŜƘƻƭŜΦ To 

guarantee a good contact between GS3 needles and the undisturbed soil around the hole, a prototype of 

instrument (Q-bit) has been used to push the sensors in the soil converting vertical force to a horizontal 

force. More details on the two procedures could be found in Rocchi et al (2018a). 

3_2 LABORATORY-MEASURED SWRC OF THE INVESTIGATED SOILS 

In time many experimental methodologies have been developed in order to define SWRC parameters. 

Direct approaches are based on the simultaneous measurement of water content and pressure head 

information that are subsequently fitted using a particular function. Examples of direct approaches are 

sand box, hanging column, pressure plates, pressure cells, evaporation tests among others (Bittelli and 

Flury, 2009). Data are fitted using specific analytical functions as the ones proposed by Brooks and Corey 

(1964), van Genuchten (1980), Fredlund and Xing (1994) Kosugi (1996) among others. In some cases, linear, 

cubic or other interpolation techniques are used to analyse laboratory data instead of analytical functions 

(Bitterlich et al, 2004). A big effort has been made in the last years to elaborate advanced hydraulic models 

that need the estimation of an ever-growing number of parameters. To a growing complexity of the models 

corresponds a growing complexity of the laboratory tests for the initial estimate of the hydraulic 

parameters. Indirect approaches are based on Pedotransfer functions (PTF) that use regression analysis or 

neural network approach to correlate input parameters to obtain in output the unknown hydraulic 

parameters using data from soil database (Caruso and Jommi, 2005). This method is adopted when large 

areas need to be investigated and a comprehensive direct laboratory characterisation is not possible. 

Usually the input parameters are easily, routinely and cheaply measured properties such as grain size 

distribution, natural water content, Gs, organic content etc. Many databases around the word were 

established for pedotransfer applications such as UNSODA, HYPRES, WISE, NRCS among other. 

One of the simpler laboratory tests that could be performed is the evaporation method, introduced by 

Gardner and Miklich (1962) and then modified by Wind (1968). A popular version of the evaporation 

method is performed using HYPROP by Meter Group. The system allows the measurement of pressure head 

at two depths in a 5 cm high soil sample while water evaporates from its surface and water loss is 

determined by weighing the system. Several studies have tested the evaporation approach using this 

commercial product (e.g. Schelle et al., 2010; Zhuang et al., 2017 among others).The mini-tensiometers 

allow to cover a relatively wide range of pressure heads (down to -240 kPa). The soil sample has a volume 

of 250 cm3 and the tensiometers are positioned at 1,25 cm and 3,75 cm from the base of the cylinder 

containing the sample. One of the major advantages of Hyprop is the complete automatization once the 

program is installed and no preselected hydraulic function is set to elaborate the row data (Bezerra Coelho 

et al, 2018). Using measured pressure heads, water contents and evaporation fluxes it is possible 

subsequently to obtain the SWRC and the hydraulic conductivity function K(h). It is not recommended to 

measure independently Ks, the saturated permeability, because close to saturation, the mini-tensiometers 
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are not able to register very small changes in water potential. This is particularly relevant for all type of soils 

with the exception for relative fine and intermediate soils (Bezerra Coelho et al, 2018). The strength of the 

evaporation method stays in the closeness of the procedure to determine hydraulic parameters to the 

natural phenomenon that occurs in real soils (Romano and Santini, 1999). 

The evaporation phenomenon evolves in two stages during the test. Initially the evaporative flux from the 

upper surface is constant over time and the decrement of the soil weight is linear in time. This is due to the 

fact that the evaporation rate is independent from the hydraulic properties of the soil but, at the initial 

stage, it depends only on the external environmental conditions. The duration of this initial stage depends 

ƻƴ ǘƘŜ ŦŀŎǘ ǘƘŀǘ ǘƘŜ ƛƴŎǊŜŀǎŜ ƛƴ ǇǊŜǎǎǳǊŜ ƘŜŀŘΩǎ ƎǊŀŘƛŜƴǘ ŎƻƳǇŜƴǎŀǘŜǎ ǘƘŜ ŘŜŎǊŜŀǎŜ ƛƴ ǘƘŜ ƘȅŘǊŀǳƭƛŎ 

conductivity K(h) (Romano and Santini, 1999). In time the water content near saturation decreases 

drastically together with K(h) and the water could not be delivered to the external surface at the same 

initial rate. The second stage sees the abandon of the initial linear curve time-water loss and data arrange 

on a concave-shaped curve. The experiment stops when the tensiometer in the lower position cavitates, 

breaking the hydraulic connection to the pressure transducer (Romano and Santini, 1999). Evaporation test 

could be performed with a continuous drying or by stages, in which a drying stage is followed by an 

equilibration stage. In a continuous stage it is possible to slow down the evaporation, wrapping the sample 

or placing the sample in a controlled humidity chamber. Cunningham (2000) and Boso et al (2003) showed 

that little differences could be found in the obtained SWRC using stage drying or a continuous drying. This 

leads to the conclusion that the obtained SWRC has a low dependence on the evaporation rate (Lourenco 

et al, 2007). It should also be said that the most accurate results are obtained with the stage drying 

procedure because the lack of equalisation could cause inaccuracies that depend on size of the soil sample, 

shape of the sample, dimension of the exposed surface, position of the tensiometer. If the tensiometer is in 

contact with the external surface it is more likely to obtain an incorrect water retention curve (Lourenco et 

al, 2007).  

It is relevant to report that the parameter estimation technique by means of inverse analysis has been 

successfully applied to the laboratory evaporation technique since long time. In fact hydraulic parameters 

estimation could be obtained fitting the data suction-volumetric water content to a certain function (a soil 

hydraulic model), the so-ŎŀƭƭŜŘ ²ƛƴŘΩǎ ƳŜǘƘƻŘΣ or obtained from numerical inversion (Simunek et al, 1998; 

Simunek et al, 1999). Ciollaro and Romano (1995) applied the inverse procedure to determine soil hydraulic 

parameters of a number of soils using uniquely a dataset from an evaporation experiment. A good 

ŀƎǊŜŜƳŜƴǘ ōŜǘǿŜŜƴ ǇŀǊŀƳŜǘŜǊǎ ŜǎǘƛƳŀǘƛƻƴ ōȅ ƳŜŀƴǎ ƻŦ ǘƘŜ ²ƛƴŘΩǎ ƳŜǘƘƻŘ ŀƴŘ ǘƘŜ ƛƴǾŜǊǎŜ ǘŜŎƘƴƛǉǳŜ Ƙŀs 

been obtained also by Simunek et al (1998). Practical information on the correct laboratory procedure, the 

minimum number of information required for a reliable and accurate inverse estimation of the parameters 

could be found in Hopmans et al (2002). 

13 evaporation tests were carried out to investigate hydraulic properties of the embankment of interest 

(unit A), among which 3 tests were performed using intact soil samples and the rest using reconstituted 

samples at the void ratio determined from the in situ state at the considered depth ranging from 2,8 m to 

6,9 m from the crest. 3 evaporation tests were carried out oƴ ƛƴǘŀŎǘ ǎƻƛƭ ŦǊƻƳ ǘƘŜ ŦƭǳǾƛŀƭ ƭŀȅŜǊ όǳƴƛǘ !Ωύ ŀǘ ŀ 

ranging depth from 2,15 to 2,27 m, one test on an intact sample from the foundation (unit B) and one test 

on a reconstituted sample using the soil from the agricultural field by the outer side of the embankment. 

Reconstituted sample started from a condition close to saturation then a slow evaporation rate has been 

imposed to guarantee a linear distribution of suction along the sample height (Gragnano et al, 2018).  
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To trace the dry end of the SWRC also beyond the cavitation limits of the micro-tensiometers, the 

evaporation tests were coupled to vapour pressure methods. In this method suction is determined 

equilibrating the sample in an enclosed chamber and subsequently measure the vapour pressure of the 

chamber and the sample saturation vapour pressure. Total suction is then computed using Kelvin equation. 

5Ŝǿ Ǉƻƛƴǘ ƳŜŀǎǳǊŜƳŜƴǘ ƛǎ ŀ ΨΩǇǊƛƳŀǊȅ ƳŜŀǎǳǊŜƳŜƴǘΩΩ ōŜŎŀǳǎŜ ƛǘ ǳǎŜǎ ŀ ŦǳƴŘŀƳŜƴǘŀƭ ǘƘŜǊƳƻŘȅƴŀƳƛŎ 

relationship and a temperature measurement to obtain total suction (Campbell et al, 2007). The Dew Point 

Potentiameter (model WP4 by Decagon Device) has been used for the laboratory tests. It determines total 

suction measuring the dew point temperature of the chamber in equilibrium with the investigated sample. 

The temperature of a mirror, whose reflectance is monitored by an optical sensor, is lowered to the point 

in which dew occurs. The sample temperature is monitored by infrared thermometry while mirror 

temperature is monitored by a thermocouple. Dew point method is the most efficient method to measure 

suction in the range 1-400 MPa with an accuracy of 1% while for the wet end it is not a substitute of 

tensiometer measurement and axis translation (Campbell et al, 2007). 

In the following graphs (Figure 6), the performed evaporation tests are presented in terms of volumetric 

wateǊ ŎƻƴǘŜƴǘ όʻ ҈ύ- suction (kPa). The points are the laboratory data and the black lines are the best fitting 

using van Genuchten (1980) model. In image A all the SWRC of unit A (embankment layer) are plotted 

together, in image C the ƻƴŜǎ ƻŦ ǳƴƛǘ !Ω όŦƭǳǾƛŀƭ layer), in image D the retention curves of unit B (foundation) 

and in image B of the agricultural layer. The embankment is the layer which is better characterized with a 

greater number of performed laboratory evaporation tests because an accurate determination of its 

hydraulic parameters is of primary importance for reliable pwp spatial distributions in time and future 

stability analyses. 
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Figure 6: SWRC in terms of volumetric water content-suction of the investigated layers (image A the embankment layer, image B 
the agricultural layer, in image C the fluvial layer and in image D the foundation layer). 

In Table 3 below, the hydraulic parameters obtained by laboratory evaporation tests have been reported 
divided for layer. Some statistical indices such as the mean, the standard deviation, the variance, the 
confidence interval have been computed for each layer. In red the statistical indices that show a higher 
dispersion of the optimized values (standard deviation and confidence interval of the same order of 
magnitude of the parameter) which indicate a greater uncertainty in the estimate. 
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Table 3: Hydraulic parameters obtained fitting the laboratory experimental data of the investigated soils and some statistical 
parameters (mean, standard deviation, variance and confidence interval). 

 
 

3_3 PRELIMINARY CONCLUSIONS AND FURTHER STUDIES 

Chapter §3 focuses on the presentation of the instrumented bank section along Secchia River, close to 

Cavezzo, Modena. The installed sensors and their functioning have been extensively discussed together 

with the accuracy of the instruments and the calibration procedures adopted (§3.1). Moreover, the 

laboratory tests performed in order to investigate the SWRC of the different layers have been described 

and the results shown (Figure 6, Table 3 of §3.2). 

25 sensors monitoring soil water content or pwp have been installed in the investigated riverbank section 

(n° 7 GS3 by METER Group; n°4 SM150T by Delta-T Device; n°2 Casagrande piezometers;n°9 MPS6 by 

Decagon Device; n°3 T8 by Decagon Device) in the period between 2016-2017 (see Figure 5). These 

instrumentations have been designed and distributed for agricultural purposes in order to increase the 

efficiency of the productivity for very extensive crops. Their functioning has been converted to geotechnical 

engineering purposes. In some cases sensors have been installed individually in boreholes, in other cases 

multiple installations have been performed in the same hole (a sensor monitoring pwp and one monitoring 

water content) in order to track the in situ SWRC at a certain depth. T8 sensor measures directly the matric 

EMBANKMENT R̒ (-) s̒at (-) VhG (m-1) nVG (-)

TC1_2.8m (I) 0 0,375 0,903 1,207

TC1_2.8m (II) 0 0,385 0,827 1,265

TC1_2.8m (III) 0,011 0,385 1,830 1,268

SPC1_3.9m (I) 0 0,387 0,210 1,269

SPC1_3.9m (II) 0 0,387 0,232 1,223

SPC1_3.9m (III) 0 0,461 0,734 1,237

TC2_4.3m (I) 0,00008 0,375 0,491 1,300

SPC1_4.3m (II) 0,045 0,474 0,912 2,023

SPC1_4.3m (III) 0,0008 0,386 1,598 1,360

SPC1_4.8m (I) 0 0,374 0,268 1,204

SPC1_4.8m (II) 0 0,404 1,819 1,164

SPC1_4.8m (III) 0 0,351 0,321 1,238

SPC1_6.9m 0 0,416 0,909 1,196

mean 0,004 0,397 0,850 1,304

stand. deviation 0,013 0,035 0,579 0,222

variance 1,6E-04 0,001 0,335 0,049

n° values 13 13 13 13

confidence interval 0,008 0,021 0,350 0,134

average+conf.interval 0,012 0,418 1,200 1,438

average-conf.interval 0,000 0,376 0,500 1,170

FLUVIAL r̒ (-) s̒at (-) VhG (m-1) nVG (-)

TB1_2,15 m 4,2E-06 0,348 0,233 1,201

TB1_2,27 m 8,0E-04 0,306 0,247 1,288

TB1_2,27 m (II) 8,0E-04 0,303 0,271 1,363

mean 0,001 0,319 0,251 1,284

stand. deviation 4,6E-04 0,025 0,019 0,081

variance 2,1E-07 6,3E-04 3,7E-04 6,6E-03

n° dati 3 3 3 3

intervallo confidenza 0,001 0,063 0,048 0,201

media+int conf 0,002 0,382 0,298 1,485

media - int conf 0 0,257 0,203 1,083

FOUNDATION r̒ (-) s̒at (-) VhG (m-1) nVG (-)

TB1_4,8 m 0 0,424 0,118 1,142
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water potential in the working range between +85/-100 kPa with a nominal measurement accuracy of +/-

0.5 kPa. MPS6 measures the dielectric permittivity of a porous ceramic disc in equilibrium with the 

moisture of the surrounding soil and the dielectric permittivity is directly related to soil water content. The 

accuracy of MPS6 sensor is +/- 10% of the reading +2 kPa in the range -9 to -100 kPa. In GS3 and SM150T 

sensors, two electrodes generate an alternating electrical current and the FDT is applied to measure vwc of 

the surrounding soil. The hydraulic parameters of the SWRC have been obtained by means of evaporation 

tests using Hyprop by METER Group (§3.2). The pwp in time is measured at two different heights inside the 

soil sample by micro-tensiometers (working range +2 to -240 kPa) while the water loss is determined by 

weighing the whole system during the test. Eighteen evaporation tests have been performed some of them 

on undisturbed samples, others on reconstructed samples (at the in situ void ratio). Tests have been 

performed starting from a condition close to saturation then samples have been gradually dried. The dry 

end of the drying branch of the SWRC (up to 1MPa) has been determined by means of the dewpoint 

method (WP4 by Decagon Device). Globally n°13 tests have been performed on the embankment soil, n°3 

on the fluvial soil, n°1 on the foundation soil and n°1 on the agrarian soil (Figure 6). Statistical indices have 

been used to study the dispersion of the hydraulic parameters for each investigated layer (Table 3). 

Chapter §4 presents the preliminary tests on the metrics/indices that could be potentially used to quantify 

the performance of direct and indirect simulations (inverse analysis) of the investigated problem. 

Metrics/indices have been tested using datasets similar to the ones with which we are dealing in the 

present case study (dataset of PH, dataset of wc and mixed dataset PH+wc) with an increasing dispersion of 

the data and an increasing number of outliers. The performance of observed-simulated datasets has been 

evaluated and the pros/cons of each index highlighted. 

4 PRELIMINARY TESTS ON THE METRICS/INDICES PERFORMANCE 

The metrics performance has been tested prior to their application to the case study. It is becoming 

increasingly important to test indicators in order to individuate the ones that are logical, consistent and 

appropriate for the application (Ali et al, 2014). The main characteristics that a good indicator should have 

are the following: 

1) To have direct physical meaning and interpretation. 

2) To catch the accuracy and weakness of the simulation capability, to allow, as final goal, an estimation of 

the acceptability/goodness of the model. 

3) The trend of the metric has to be consistent with the logical directions without ambiguous 

performances. An index has to be always consistent in its result with different initial dataset in order to 

allow the comparison of different models or simulations. 

4) Indices that are not dependent on the measure unit are more powerful because they are applicable to 

any field of observation and range of values. For our case study this characteristic is extremely useful due to 

the fact that we deal with pressure head and water content data that have usually different order of 

magnitude. 
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5) Bounded indices (with upper and lower values) have to be preferred. Many indices are bounded on the 

upper end (usually 1) but lack of a finite lower bound which makes very difficult the assessment and 

comparison of models performance. 

To test the behaviour of indices/metrics, simulated random data have been used while observed data are 

ǊŜŀƭ ŀƴŘ ǘŀƪŜƴ ŦǊƻƳ ǘƘŜ ƛƴ ǎƛǘǳ ƳŜŀǎǳǊŜƳŜƴǘǎΦ Lƴ ǇŀǊǘƛŎǳƭŀǊ ŦƻǊ ǘƘŜ ƻōǎŜǊǾŀǘƛƻƴ Řŀǘŀ ƻŦ ǘȅǇƻƭƻƎȅ ΨΩǿŀǘŜǊ 

ŎƻƴǘŜƴǘΩΩ {t/нψтΣмƳ has been used (observed data in the period 147450-319950 min) while for the 

ǘȅǇƻƭƻƎȅ ΨΩǇǊŜǎǎǳǊŜ ƘŜŀŘΩΩ ¢у-TB1-4,9m has been used (observed data in the period 62400-135000 min). A 

third dataset from the combination of the pressure head and water content datasets has been used. 27 

data are in the water content dataset, 30 data in the pressure head dataset and 57 in the pressure 

head+water content dataset. Random data have been generated by means of Matlab by Mathworks for 

each typology of observation dataset according to these criteria: 

RANDOM 1_WATER CONTENT DATASET: random values in the interval 0,24-0,36%. The chosen interval is a 

possible range of variance of the water content of the soil. 

RANDOM 2_WATER CONTENT DATASET: random values in the interval 0,22-0,40% (larger interval with 

respect to random_1). 

RANDOM 3_WATER CONTENT DATASET: random values in the interval 0,19-0,60%(larger interval with 

respect to random_2). 

RANDOM 4_WATER CONTENT DATASET: the same values of Random_2 but one of the values has been 

substituted by an outlier. 

RANDOM 5_WATER CONTENT DATASET: the same values of Random_3 but four values have been 

substituted by outliers. 

RANDOM 6_WATER CONTENT DATASET: all the random values are underestimated with respect to the 

observation data (all the points are below the 1:1 line in the graph of Figure 8) 

RANDOM 7_WATER CONTENT DATASET: all the random values are overestimated with respect to the 

observation data (all the points are above the 1:1 line in the graph of Figure 8) 

RANDOM 1_PRESSURE HEAD DATASET: random values in the interval 0,8-1,2m. The chosen interval is a 

possible range of variance of the soil pressure head. 

RANDOM 2_ PRESSURE HEAD DATASET: random values in the interval 0,4-1,4m (larger interval with respect 

to random_1). 

RANDOM 3_ PRESSURE HEAD DATASET: random values in the interval 0,2-2,0m (larger interval with respect 

to random_2). 

RANDOM 4_ PRESSURE HEAD DATASET: the same values of Random_2 but one of the values has been 

substituted by an outlier. 

RANDOM 5_ PRESSURE HEAD DATASET: the same values of Random_3 but three values have been 

substituted by outliers. 
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RANDOM 6_ PRESSURE HEAD DATASET: all the random values are underestimated with respect to the 

observation data (all the points are below the 1:1 line in the graph of Figure 8) 

RANDOM 7_ PRESSURE HEAD DATASET: all the random values are overestimated with respect to the 

observation data (all the points are above the 1:1 line in the graph of Figure 8) 

RANDOM 1_PRESSURE HEAD+WC DATASET: combination of Random_1_pressure head+ Random_1_water 

content datasets. 

RANDOM 2_ PRESSURE HEAD+WC DATASET: combination of Random_2_pressure head+ Random_2_water 

content datasets. 

RANDOM 3_ PRESSURE HEAD+WC DATASET: combination of Random_3_pressure head+ Random_3_water 

content datasets. 

In Figure 7 (left) Random_1, Random_2, Random_3 pressure head datasets could be observed with their 

dispersion with respect to the black line (the real observation points of T8-TB1-4,9m). In Figure 7 (right) 

Random_1, Random_3, Random_3 water content datasets could be observed superimposed on the curve 

of the real observation points (SPC2_7,1m). In Figure 8 the random datasets of pressure head and water 

content are represented against the observed dataset, line 1:1 represents the best fit between simulated 

and observed data. Table 4 reports the indices/metrics values obtained for each random distribution 

presented. The values that are not consistent with the expectations are underlined in red colour. 

- The difference-based statistical indicators as MAE, MSE, RMSE show consistent and logical values in 

all the different dataset typology (water content, pressure head, water content+pressure head). 

The error values increase as values become more scattered from Random_1 to Random_3, moving 

from 0 (best fit) to larger positive values. Moreover the dataset with outliers show an increase in 

the error compared to the simulation without outliers which is logical. It is important to report that 

the index based on absolute values of differences (as MAE) are in general preferable over the index 

based on squared differences (as RMSE) because squaring the errors prior to sum them over-

weights the influence of bigger errors and under-weights the influence of smaller error (Willmott et 

al, 1985). This is a general statement that could be extended to all the indices. 

 

- The index MBE shows to be inconsistent for the pressure head dataset, incrementing for 

Random_2_PH (going to positive value) and decrementing (going to negative value) for 

Random_3_PH. This is due to the fact that MBE does not have a quadratic form or an absolute 

value so the errors of opposite sign cancel out. The index MBE is able to show the general direction 

of the error (underestimation or overestimation of the observation dataset) and for this reason, it 

could give precious information if analysed together with the other error indices. 

 

- The coefficient of determination R2 shows an illogical behaviour for all the three typologies of 

dataset (pressure head, water content, pressure head+water content), increasing in Random_2 

with respect to Random_1, and decreasing again in Random_3. The expected behaviour is a 

decrease proportional to the dispersion of the dataset (a proportional departure from the best fit, 

closer to 1). The correlation and correlation based indices such as R2 are extremely sensitive to 

extreme outliers and insensitive to additive and proportional differences between observed and 
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simulated dataset (Willmott 1981) for this reason their use has always to be very cautious and 

always coupled with the use of other indices. 

 
- The efficiency metrics such as NSE, NSErel and NSEj show a consistent and logic behaviour in all the 

three typologies of dataset. Despite the sensitivity of these efficiency criteria to outliers, the 

indicators give the expected response also for Random_4 and Random_5. NSE, NSErel and NSEj 

have negative values that mean that the average value of the observed dataset is a better predictor 

than the simulated dataset. The efficiency of the water content dataset is lower than the one of the 

pressure head dataset, this is due to the fact that NSE overestimates the efficiency of the dataset 

with bigger numerical values (such as pressure head measurements) while underestimates the 

efficiency of smaller numerical values (such as water content measurements). The efficiency is 

higher for the dataset composed of underestimated random values compared to the dataset 

composed of overestimated random values (see Random_5 and Random_6) 

 
- The Coefficient of Variation (COV) and the normalized Coefficient of Variation (nCOV) show 

consistent and logic behaviour for the water content and pressure head datasets, they increase 

with the standard deviation of the input dataset. CV shows an irregularity in the mixed dataset 

(water content+pressure head). 

 
- The KGE index shows an inconsistency in the water content dataset. KGE of Random_2 has a better 

fit (closer to 1) than Random_1 that is not logical because random_1 has a lower dispersion of the 

data compared to Random_2. KGE has a wider range of (erroneous) variation for the pressure head 

dataset in the positive and negative range with respect to pressure head+water content dataset 

that has minor fluctuations. 

The Kling-Gupta efficiency is born as improvement of the widely used NSE because it is based on an 

improved combination of the diagnostically meaningful components of the mean square error 

(mean, variability and dynamics) that are at the base of the NSE index (Murphy, 1988, Gupta et al, 

2009). For our case study, NSE and its variants (NSEj and NSErel) seem better statistical indices than 

the evolution KGE. 

 

- The index of agreement IA and its derivatives (IArel, IAj) show an anomalous behaviour for all the 

three typologies of dataset. Moreover for the pressure head dataset the behaviour is also reversed 

(it decreases with good simulated values), while for water content and water content+pressure 

head datasets the direction is correct but not proportional to the data dispersion from the 

observed values (Random_2 has a value closer to 1 than Random_1). The index of agreement IA 

has been proposed to overcome the insensitivity of NSE and R2 to differences in the observed and 

simulated means and variances but it results oversensitive to extreme values due to the squaring of 

the differences in the numerator (Willmott, 1981). As positive factors, IA is a relative and bounded 

measure that is widely used in every field for cross-comparisons between models/simulations. The 

performance of two indices (IAj=1 ŀƴŘ L!Ωύ introduced to overcome the limits of IA, has been tested. 

The first index was introduced by Legates and McCabe (1999) as a modification of IA [equation 

124]: 

- )! ρȢ
В-É3É

В 3É- -É-    
                                                                                                   [equation 124] 
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The modified index IAj=1 gives an appropriate weighting to errors and differences, with no inflation 

given by squaring the values, one of the major limits of the original version of the coefficient of 

agreement IA. The range of variation of the index is 0-1 and 1 represents the best fit. The second 

ƳƻŘƛŦƛŜŘ ƛƴŘŜȄ L!Ω (see equation 125) removes the influence of the simulated values from the 

denominator of IA, substituting them with the observed values. In this way the new denominator 

becomes a model-independent standard of comparison for the sum of errors (numerator). 

)!ᴂρȢ
Вȿ ȿ

Вzȿ ȿ  
                                                                                                                [equation 125] 

¢ƘŜ ƳŀƧƻǊ ŘƻǿƴǎƛŘŜ ƻŦ ǘƘŜ ƛƴŘŜȄ L!Ω ƛǎ ǘƘŀǘ ƛǘ ƛǎ ǳƴōƻǳƴŘŜŘ ƻƴ ǘƘŜ ƭƻǿŜǊ ŜƴŘΣ ǎƻ ǘƘe interpretation 

of the model performance becomes more difficult. The application to the random dataset of the 

ǘǿƻ ƛƴŘƛŎŜǎ ƳƻŘƛŦƛŜŘ ŦǊƻƳ ǘƘŜ ƻǊƛƎƛƴŀƭ L! ƳŜǘǊƛŎΣ ǎƘƻǿǎ ŀ ŎƻƴǎƛǎǘŜƴǘ ŀƴŘ ƭƻƎƛŎŀƭ ǘǊŜƴŘ ŦƻǊ L!Ω ƛƴ ŀƭƭ 

the dataset typologies, while for IAj=1 the general trend is reversed (closer to 1 for wider dispersion 

ƻŦ ǘƘŜ ŘŀǘŀύΦ L!Ω ǿƛƭƭ ōŜ ǇǊŜŦŜǊǊŜŘ ŦƻǊ ŦǳǘǳǊŜ ŀƴŀƭȅǎƛǎ ƻǾŜǊ ǘƘŜ L!Σ L!Ƨ ǿƛǘƘ ƧҗмΤ L!rel indices. 

 

Figure 7 Graphs showing the dispersion of the random dataset of PH (left side) and water content (right side) around the 
observed dataset (black line). 

 



 

 
72 

 

Figure 8 Graphs showing the dispersion of the simulated random datasets compared to the observed datasets. The more the 
points are allocated close to the 1:1 line, smaller is the dispersion. 
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Table 4: Metrics/indices values calculated for the different simulated random datasets-observed datasets. In red the metrics 
whose values are illogical with respect to the expected trend. 
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4_1 PRELIMINARY CONCLUSIONS AND FURTHER STUDIES 

The performance of different indices (accuracy metrics/efficiency criteria) has been tested prior to their 

application to the observed-simulated data of the investigated embankment section in order to individuate 

limits and potentialities of these indices when applied to different datasets. Random distributions of a 

simulated PH dataset, of a wc dataset and of a PH+wc dataset have been generated with an increasing 

dispersion of the data, or with an increasing number of outliers or with a global overestimation and 

underestimation of the simulated data with respect to the observed data. It has been observed that MAE, 

which is the simplest measure of forecast, shows a coherent trend in all the considered simulated datasets. 

It has to be remembered that this index is unbounded (from 0 to infinite) and dependent on the unit of 

measurement and for this reason a normalization is needed with mixed datasets. The same conclusions are 

found for MSE and its square root RMSE, logical trends are observed in all the investigated cases and both 

could be considered excellent metrics for numerical predictions. More difficult is the interpretation of MBE 

that could not be used to evaluate the goodness of a match between observed-simulated datasets but it 

gives only information on the general direction of the error. As observed, MBE fails to capture the increase 

in the simulated dataset dispersion for all the three types of considered data (PH, wc, PH+wc). The 

Coefficient of Residual Mass (CRM) gives a measure of the tendency of the model to underestimate or 

overestimate the observed data. It is an unbounded (-infinite to infinite) index and independent from the 

unit of measurement. It shows for the datasets wc and PH+wc illogical oscillations passing from the random 

dispersion 2 to random dispersion 3, while it shows a logical behaviour with an increase in the number of 

outliers. 

Differently from MAE, MSE, RMSE, MBE and CRM, the coefficient of determination R2 is bounded (0-1) and 

independent from the unit of measurement. It shows illogical oscillations with increasing dispersion of the 

data (see RAND1, RAND2, RAND3 in Table 4) which is in line with the limits of this index which could be 

greatly affected by outliers, by the number of data in the dataset and it could give high values (close to 1) 

even if the goodness of the model prediction is not sufficient due to, for example, problems of overfitting 

data (a model with too many variables compared to the number of observation points). It has been 

observed also the contrary, low values of R2 even if model predictions are sufficiently good. This condition 

could happen iŦ ǘƘŜ ǊŜǎƛŘǳŀƭǎ ŀǊŜ ǿƛŘŜƭȅ ŘƛǎǇŜǊǎŜŘ ŀƴŘ ǾŀǊƛŀƴŎŜ όˋ2) is high, R-Squared will inevitably be 

smaller but the regression line may still be the best way to describe the relationship between variables. For 

this reasons, it is always suggested to use this index together with others.  

nCOV and COV (normalized coefficient of variation and coefficient of variation, respectively) show logical 

and consistent trend in all the considered datasets a part from the mixed dataset (wc+PH). It is a good 

indicator, not dependent on the unit of measurement but unbounded (0-infinite); it could give misleading 

results in case the observed-simulated datasets contain both positive and negative values and the mean of 

the data is close to zero. ¢ƘŜ ƛƴŘŜȄ ƻŦ ŀƎǊŜŜƳŜƴǘ L! ŀƴŘ ƛǘǎ ŘŜǊƛǾŀǘƛǾŜǎ L!ΩΣ L!ƧΣ L!ǊŜƭ ŀǊŜ ǳƴōƻǳƴŘŜŘ ƛƴŘƛŎŜǎΣ 

independent of the unit of measurement but they show an unsatisfactory behaviour for all the three 

considered datasets (RAND1, RAND2, RAND3). The reason could stay in the oversensitivity of these indices 

to extreme values. The derivate ƛƴŘƛŎŜǎ L!ΩΣ L!j=1 ƘŀǾŜ ōŜŜƴ ǇǊƻǇƻǎŜŘ ǘƻ ƻǾŜǊŎƻƳŜ ǘƘƛǎ ƭƛƳƛǘ ŀƴŘ L!Ω Ƙŀǎ 

ǎƘƻǿƴ ŀ ƎƻƻŘ ōŜƘŀǾƛƻǳǊ ƛƴ ŀƭƭ ǘƘŜ ŎƻƴǎƛŘŜǊŜŘ ŎŀǎǳƛǎǘǊƛŜǎΦ L!Ω ƛƴŘŜȄ ǿƛƭƭ be preferred over the others in the 

followings. The Nash-Sutcliffe model efficiency coefficient (NSE) and its derivatives are good indicators, 

unbounded (1 to ςinfinite) and independent from the unit of measurement. They show, in all the 

considered cases, the logical trend we expect. NSE and its derivatives have oversensitivity to high values, 

moreover large values of NSE could be obtained with a poor model if data have high variability, while on 
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the contrary, if observations exhibit less variability and the values are close to the mean, NSE could 

approach negative infinity even if the model could predict well the observations. In order to address the 

shortcomings of NSE, the Kling-Gupta efficiency index (KGE) has been introduced. Despite this, in the 

performed tests, it has been observed an illogical behaviour of this index for the datasets of typology wc 

and PH+wc. For RAND2 and RAND3 in Table 4, KGE increases as the dispersion of the observed dataset 

increases (best fit 1) which is conceptually wrong. For this reason NSE and its derivatives will be preferred 

in the following analysis over KGE.  

Due to the fact that each metric/index has its pros and cons and it is suitable to emphasize particular 

aspects of a simulated behaviour, it is always suggested to use a pool of metrics / indices on which the 

modeller is confident in order to have a complete overview on the simulation outcomes, overcoming 

possible misinterpretations due to specific limits of the single indices. Moreover, it is always suggested to 

use a limited number of indices/metrics in order to avoid to be lost in a large amount of data unable to 

draw any conclusions on the goodness of a model prediction. The metrics/indices that have shown in this 

chapter the expected behaviour for all the different typologies of random datasets will be preferred over 

the others in the following analysis.  

Chapter §5 focuses on the elaborated numerical model of the 2018 simulation period. Geometry, initial 

conditions, boundary conditions, boundary fluxes, model discretization, iteration criteria have been 

explicitly dealt. A sensitivity analysis of the hydraulic parameters of the adopted hydraulic models 

(hysteretic and non-hysteretic ones) has been performed. Moreover the sensitivity of the model equations 

and solver has been tested considering different values of the input parameters with different number of 

digits after the comma in order to understand to which precision the problem has to be dealt (precision of 

the set of optimized parameters obtained by inverse analysis). 

5 THE NUMERICAL MODEL OF THE INVESTIGATED EMBANKMENT SECTION 

The 2D geometry of the investigated embankment of Secchia River, obtained by topographical survey, has 

been imported in the code by means of 47 geometrical points. The topographical survey investigated 40 m 

of section, crossing 3 times the embankment. The external outline used for the 2D numerical model is 

calculated as the average profile of the three sections. In Figure 9 the graphic result of the topographic 

survey is presented. 

The layers in which the domain has been divided using CPTU tests interpretation are the ones presented in 

chapter §3. The resulting domain is 90 m wide from the centre of the river bed to the agrarian field in the 

outer-slope of the embankment and 23,4 m high. The origin of the geometrical reference system is in the 

centre of the river bed (x-axis) and 10 m a.s.l (y-axis). The 21 observation points are located in the positions 

of the installed instruments that are projected to the same 2D plain. The applied boundary conditions are 

summarised in the following Figure 9.  
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Figure 9: The geometry of the investigated section with indication of the soil layers and of the boundary conditions of the FE 
model. 

The upper boundary is an atmospheric boundary condition, ŀ ΨΩǎȅǎǘŜƳ ŘŜǇŜƴŘŜƴǘ ōƻǳƴŘŀǊȅ ŎƻƴŘƛǘƛƻƴΩΩ 

because the pressure head or the gradient along that boundary is not known a priori. It depends on the 

interaction between the soil and the environment for example the water flux across an atmospheric 

boundary conditions during a precipitation event depends on the precipitation rate and on the infiltration 

capacity of the superficial soil (Radcliffe and Simunek, 2010). To define the atmospheric boundary 

condition, data of precipitation, evaporation and transpiration every 30 min have been used. The 

investigated area lacks of a weather station. Data of humidity, temperature and precipitation are recorded 

by a weather station in Cortile da Carpi (Lat. 44.778387, Lon. 10.971285), 7 km away from the investigated 

section. These atmospheric information are available and freely downloadable from ARPAE (Regional 

Environmental Protection Agency) website, Dex3r web app (https://simc.arpae.it/dext3r/). To compute 

evaporation and transpiration contribution, CRITERIA 1D, an open-source software for soil water balance 

and crop modelling, developed by ARPA, has been used. Criteria uses a simplified model, assuming a multi-

layered soil and computing explicitly values of water flows between layers, deep drainage, actual 

evapotranspiration flux, surface and subsurface runoff and capillary rise, following the approach of 

Driessen (1986) and Driessen and Konijn (1992). The model requires as input daily data of temperature 

(min-max), precipitation, the division in layers and for each layer the soil texture, bulk density, organic 

content, soil water retention curve and crop management information (sowing, tillage, fertilization, 

irrigation). If available, estimated potential evapo-transpiration could be given as input data. The choice to 

use a simplified and conceptual model as CRITERIA 1D is driven in our case by the lack of data to compute 

more precisely the actual evapo-transpiration contribution. In fact lysimeter data to measure the amount 

of actual evapo-transpiration in the investigated section are not available. Criteria 1D uses the Penman-

Monteith (Penman,1949; Monteith, 1965) method, in the last revision by Allen et al (1994) to compute ETo, 

the Potential Daily Reference Evapo-transpiration, defined as the rate at which readily available water is 

vaporised from the reference vegetated surface. The reference surface is a uniform, dense grass of festuca 

arundinacea with a specific height and surface resistance in a field of at least 100 m of the same vegetation 

(Allen et al, 2005). Eto is a parameter independent of the type of crop that could be computed only from 

meteorological data. Penman-Monteith method is adopted and recommended by FAO and it is worldwide 

used as the reference. According to Penman-Monteith, ETo could be computed with the following 

expression [equation 126]: 

https://simc.arpae.it/dext3r/
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                                                         [equation 126] 

where Rn is the net radiation (MJm-2d-1), G the net heat flux from the soil (MJ m-2 d-1), ɲ ǘƘŜ ǎƭƻǇŜ ƻŦ ǘƘŜ 

saturated vapour function (kPa °C-1ύΣ ʴ ƛǎ ǘƘŜ ǇǎȅŎƘǊƻƳŜǘǊƛŎ Ŏƻƴǎǘŀƴǘ (kPa °C-1), Vwind is the average daily 

speed of the wind at a height of 2 meters (m/sec), es is the saturation vapour pressure (kPa), ea is the actual 

vapour pressure (kPa). Average daily temperature, minimal and maximal daily relative humidity, solar 

radiation, wind speed are the input data for the Criteria software, all available in Dex3r webapp. Then to 

compute the maximum evaporation and the maximum transpiration the Kc, crop coefficient, is introduced. 

Kc is dependent on LAI, the Leaf Area Index. Criteria has provided a database of crop parameters for 

different type of culture; values available in literature. The description of crop parameters in the most 

precise and accurate way is surely recommended to increase the model accuracy e.g. computing LAI by 

means of a multi-spectral camera (Bittelli et al, 2010). Due to the lack of crop parameters determination for 

the investigated sectionΣ Ŧŀƭƭƻǿ ƛǎ ŎƘƻǎŜƴ ŦǊƻƳ /wL¢9wL!Ωǎ ŘŀǘŀōŀǎŜΦ The boundary condition between the 

embankment and the river (left side of the model) is a system-independent boundary condition, a Dirichlet 

boundary condition. The water level sequence through the investigated section is given in terms of 

pressure head (m) in time. The hydrometric data used in the numerical modelling are collected from the 

stream gauge at Ponte Bacchiello (Lat. 44.747546, Lon. 10.98734). A hydraulic 2D unsteady flow model 

using HEC-w!{ όIȅŘǊƻƭƻƎȅŎ 9ƴƎƛƴŜŜǊƛƴƎ /ŜƴǘŜǊΩǎ wƛǾŜǊ !ƴŀƭȅǎƛǎ {ȅǎǘŜƳύ is applied to correlate the water 

flow through Ponte Bacchiello (x-axis) with the water surface elevation (m) in Ponte Motta (y-axis). The 

conversion equation is the following [equation 127]: 

y = -3,3678E-16x6 + 9,6465E-13x5 - 1,1202E-09x4 + 6,8493E-07x3 - 2,4196E-04x2 + 5,6710E-02x + 2,2528E+01 

                                                                                                                                                                       [equation 127] 

The lower edge of the model is assumed to be an impermeable layer, a system independent boundary 

condition in which the flux through is zero. To the right edge of the model a constant head of h=11 m is 

assigned to represent the hydrostatic conditions of the far-field water table. In order to create a robust 

seepage model, the various integration settings that could influence the results were tested prior to the 

modelling. In particular, to test the optimal mesh size, a line passing through the centre of the embankment 

is considered and the differences in the model output are investigated. The goal is to identify the minimum 

mesh size to obtain an accurate model without increase the computational burden. It is necessary to make 

a compromise because if for the embankment part subjected to higher hydraulic gradient a finer mesh is 

desirable, in the model extremities were the conditions are close to hydrostatic a finer mesh doesƴΩǘ ƎƛǾŜ 

any improvements to the model. In Figure 10 the pressure head profiles obtained for a section passing 

through the centre of the embankment in two different temporal instants (14610min (22/11/2017) and 

43830 min (12/12/2017)) are compared using different mesh size (2m /  1,5m / 1m / 0,6m/  0,3m) in order 

to individuate the best solution. For the mesh size 2,0m the line is extremely edgy because of few data 

points while for the mesh size below 1m the line is smooth and converge towards ǘƘŜ ΨΩƳƻǊŜ ŀŎŎǳǊŀǘŜΩΩ 

solution. It was not possible to obtain convergence of the model for a mesh size of 0,3m and finer. Being 

the simulation to be performed on a medium-long period and being the number of inverse analysis to be 

simulated very high, a mesh size of 1 m has been considered for the ease of convergence and the reduced 

time of calculus. The mesh has been kept the same in all the performed simulations with the different 

hydraulic models (as will be described in the following). The mesh of the embankment core (unit A) and the 

ŦƭǳǾƛŀƭ ŘŜǇƻǎƛǘ όǳƴƛǘ !ΩύΣ ǿƘŜǊŜ ǘƘŜ ƳŀƧƻǊƛǘȅ ƻŦ ǘƘŜ ǎŜƴǎƻǊǎ ŀǊŜ ƛƴǎǘŀlled, have been refined to 0,3 m 
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together with the atmospheric boundary where evapo-transpiration phenomena and rainfall infiltration 

have to be computed. The chosen mesh is unstructured and it uses a network of triangular elements. The 

resulting mesh is composed of 4788 nodes, 685 1D elements due to the discretisation of boundary and 

internal curves and 9231 2D triangular elements. In Figure 11 the final mesh of the investigated section is 

shown. 

 

Figure 10: Pressure head profile of the section passing through the centre of the embankment (see Figure 11), in two temporal 
instants 14610 min (22/11/2017) and 43830 min (12/12/2017). Minutes are calculated from the initial time instant of the 2018 
simulation (12th November 2017), see Figure 14. 

 

Figure 11: FE-Mesh used for the numerical modelling of the investigated section. 

! ǎƛƳƛƭŀǊ ΨΩƳƻŘŜƭ ǘŜǎǘƛƴƎΩΩ Ƙŀǎ ōŜŜƴ carried out to evaluate the best domain dimension. To do so, three 

different lengths of the right edge of the model are compared (x length =90, 100 and 110 m from the axis 

origin) through the solution in terms of pressure head calculated in three chosen sections (a,b,c) and in two 

temporal instants during high flood events: T=43830 min (12/12/2017) and T=180 000 min (16/03/2018), 

see Figure 14. In Figure 12 the location of the sections and in Figure 13 the compared pressure head 

profiles for the three configurations of the geometrical space are shown. As it is possible to observe, the 

configuration with 24,5 m of agricultural field on the right side of the embankment (x length from the axis 

origin equal to 100 m) is considered acceptable, being a very good compromise because, as could be 

observed in Figure 13, the pressure head profiles of geometries B and C are almost overlapped.  
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Figure 12: Position of the considered sections (a,b,c) in the different hypothesis of domain dimension (x max=90m (A),100m 
(B),110m (C)). 

 

Figure 13: Pressure head profiles of sections a,b,c for three different geometrical dimensions of the domain (90,100,110 m from 
the axis origin) and for two temporal instants (180 000 min (16/03/2018) and 43830min (12/12/2017)). Minutes are calculated 
from the initial time instant of the 2018 simulation (12th November 2017), see Figure 14. 

Regarding the analytical models for the retention curve parametrisation, four models have been chosen 

with which to run the direct and indirect simulations:  
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¶ ΨΩ±DaΩΩΥ ǘƘŜ Ǿŀƴ DŜƴǳŎƘǘŜƴ ƳƻŘŜƭ ǘƻ ŘŜǎŎǊƛōŜ ǘƘŜ {²w/ ǘƻƎŜǘƘŜǊ ǿƛǘƘ ǘƘŜ ǎǘŀtistical pore size 

distribution of Mualem (1976) to describe the hydraulic conductivity function K(h). 

¶ ΨΩI±DaΩΩΥ ǘƘŜ Ǿŀƴ DŜƴǳchten-Mualem model incorporating hysteresis in the SWCR and K(h) 

functions. 

¶ ΨΩ±Da-нŎƳΩΩΥ ǘƘŜ Ǿŀƴ DŜƴǳchten model with a -2 cm air entry option. 

¶ ΨΩI±Da-нŎƳΩΩ: the van Genuchten-Mualem model incorporating hysteresis and the -2cm air entry 

option. 

The adopted hydraulic models have been presented in great detail in chapter §2_3, §2_4 and §2_5 of the 

present thesis. Further in the thesis discussion, the van Genuchten model will be indicated with the 

acronym ΨΩVGMΩΩ, the ΨΩvan Genuchten model considering -2cm air-entry value ΨΩas ΨΩVGM-2cmΩΩ, the ΨΩvan 

Genuchten model considering the hysteretic behaviourΩΩ as ΨΩHVGMΩΩ and the ΨΩvan Genuchten model 

considering the -2cm air entry value and the hysteretic behaviourΩΩ has ΨΩHVGM-2cmΩΩ. 

Regarding the integration time step, Hydrus-2D is always able to select the optimum time step starting 

from an initial time step, a minimum allowed time step and a maximum time step. While the maximum 

time step (maximum permitted value of time increment) has a very low influence on the modelling, the 

initial time step (initial time increment) and minimum time step (minimum permitted value of time 

increment) have a great influence, especially on convergence and calculation time. The initial time step has 

to be set to a large time step (5-15 min), in our case 5 minutes, as suggested by Simunek et al (2012) for 

long term process with variable boundary conditions. The minimum time step has to be set to a very low 

value, smaller than the initial time and smaller than the interval between time-variable conditions (in our 

case 30 min). For the investigated section this parameter turned out to be extremely relevant for the 

convergence of the model and its value was obtained with a long trial and error procedure. For the VGM, 

HVGM, VGM-2cm, the minimum time step has been set to 0,9 min, for the HVGM-2cm the minimum time 

step to obtain convergence has been set to 11 min. 

The hydraulic parameters used for the simulation of period 2017 - 2018 are the average values of the 

parameters obtained from interpolation of laboratory data using the VG model. In chapter §3_2 the 

methodology with which laboratory data were obtained have been widely discussed and the hydraulic 

parameters obtained from each experimental SWRC presented in Table 3 together with a statistical 

analysis. 

Initially, the modelled period has been the 2017, from the 30th January 2017 to the 11th November 2017. 

The 2017 period has been characterised by relatively low hydraulic levels of Secchia River (the only 

exception was the flood registered in the period 4th-7th February with a peak of 29,25 m a.s.l), and for this 

reason installed sensors dƛŘƴΩǘ show a relevant answer to hydraulic stimuli. The initial conditions for the 

2017 simulation have been identified using 5 information: two Casagrande piezometers in the foundation, 

T8-TB1 in the berm, the level of the groundwater below the agrarian field (1,5 m below the surface) 

identified by CPTU test and the hydrometric level of the river. Using these 5 information, the geometry of 

the groundwater table has been traced. Above the groundwater, a non-hydrostatic but linear negative pore 

pressure distribution has been adopted. For the central part of the embankment (Unit A), SPC1 (-7m from 

the crown, h value=-2,1 m) and MPC1 (-4,7 m from the crown, h value=-2,8m) have been used to trace the 

slope of the curve pressure head (x)-depth (y); while MPC1 (-3,05m, h value=-1,7 m) has been excluded 

from the interpolation because it is affected by the proximity to the atmospheric boundary. For the berm 

ό¦ƴƛǘ !ΩύΣ MPB1 (0,9 m from the berm surface, h value= - 0,53 m) and MPB2 (2,7 m from the berm surface, 
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h value= -0,53 m) have been used to trace a linear interpolation of the pwp profile. Only a small part of the 

sensors was available or reliable (not yet in equilibrium with the surrounding medium) due to the fact that 

the installation campaign was not finished at the time and some of the sensors have been installed only 

recently.  

The results in terms of water content and pressure head distribution of the last temporal instant of the 

2017 period are used as imported initial conditions for the simulation of the 2018 period. The 2018 

simulation covers the period from the 12th November 2017 to the 23rd June 2018 (see Figure 14).  

For the 2017 period, a direct simulation has been performed using only the VGM while for the 2018 period, 

direct simulations have been performed using the four hydraulic models available in the Hydrus library 

(VGM, HVGM, VGM-2cm, HVGM-2cm). The calibration phase has been performed on the 2018 period 

which is more significant in terms of pore pressure/water content distribution changes due to a rapid 

succession of high water peaks which have followed each other throughout the whole period. 

 

Figure 14: River water height of the Secchia River (hydrometer in Ponte Motta). On the x-axis the temporal scale in days and in 
minutes (used for the numerical modelling in Hydrus 2D). In the following the used time unit will be ΨΩminutesΩΩ from the initial 
instant of the simulation (12th November 2018) but, for sake of clarity, the day will be always reported. 

5_1 SENSITIVITY ANALYSIS OF THE HYDRAULIC PARAMETERS 

Sensitivity analysis assesses the effects on the output of a model induced by changes in the values of the 

input variables. Sensitivity analysis is used to define the most relevant parameters of the simulation, the 

parameters which have less influence and could be eventually eliminated from the model equations 

(reduction of the model), the parameters that make the output more susceptible to changes, high 

correlated parameters with the output (small changes in the parameters are able to produce big changes in 

the output). Moreover, an initial sensitivity analysis is essential to reduce the number of parameters in the 

optimization process by eliminating the insensible ones (Mashayekhi et al, 2016). It is relevant to underline 

that parameter uncertainty and sensibility are inversely proportional since highly-sensitive variables result 

in a small parameter uncertainties. To analyse sensitivity, the one factor a time (OFAT) technique could be 

used: in a system with k parameters, the value of one parameter is changed and the remaining k-1 

parameters must be set to their base value. The set of base values takes ǘƘŜ ƴŀƳŜ ƻŦ ΨΩōŀǎŜ ŎŀǎŜΩΩ ǿƘƛŎƘ 

corresponds to the best bet of the parameters. This technique is the most widely used and the simplest due 

to the reduced computational effort but it does not consider the simultaneous variation of the parameters 

and the influence on the output and it could not investigate the correlation between parameters. When 
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dealing with models with a great number of parameters, the sensitivity analysis is able to give indication on 

the sensible parameters on which the calibration should work, avoiding time consuming on low sensible 

parameters. To assess the sensitivity of the different hydraulic parameters, the sensitivity coefficient S(t,bj) 

calculated according to Abbasi (2015) and Simunek et al (1998) is applied (see equation 128). The 

coefficient is independent of the measure unit and it allows a direct comparison between parameters. 

Ὓὸȟὦ                                                                                                                 [equation 128] 

Where S(t,bj) is the change in the variable Y corresponding to a 1% change in the parameter bjΤ ɲōҐлΣлм ō, 

ej is the jth unit vector. The coefficient of sensitivity is able to investigate the behaviour of the objective 

function in the parameters space and, in particular, in vicinity of the base set of parameters. If a relevant 

sensitivity is detected, it means that the minimum of the objective function is well defined and it is possible 

to estimate the parameters with relatively high precision in the inverse problem. The coefficient is not able 

to give information about local minima and the behaviour of the objective function in other spots of the 

parameters space (Simunek et al, 2008) but it remains the easiest index to evaluate model sensitivity with a 

one-factor-at-a-time-method OFAT analysis. 

For each layer, an observation point is considered, then starting from the base set of parameters one 

parameter at a time is varied of +/-1% of its value. For the embankment section the observation point 

MPS6-SPC1-7m is considered, for the fluvial layer GS3-MPB2-2,2m, for the foundation layer T8-TB1-4,9m 

and for the aquifer layer PZ1-17m. The sensitivity coefficients have been calculated in each considered 

observation point in terms of PH, in order to allow an easier comparison of the results between the 

different points. In Table 5 the base values of the parameters and the varied values of the parameters (+1% 

of the base value), used in the OFAT analysis, are presented. 

In Figure 15, the sensitivity coefficient vs time for each layer and under the condition +1% of the initial 

value of the considered parameter is presented. It has been chosen to not present here graphs obtained 

under the condition -1% of the initial value of the considered parameter for reason of brevity. 

CƻŎǳǎƛƴƎ ǘƘŜ ŀǘǘŜƴǘƛƻƴ ƻƴ ǘƘŜ ƘȅŘǊŀǳƭƛŎ ǇŀǊŀƳŜǘŜǊǎ ƻŦ ǘƘŜ ŘǊȅƛƴƎ ŎǳǊǾŜ όʻǊΣ ʻǎΣ ƴΣ KsΣ ʰύ, the parameters 

with higher sensitivity for the embankment layer are ΨΩnΩΩ and ΨΩ̒ǎΩΩ. Two peaks of sensitivity are well 

defined around 73470 min (2/01/2018) and 188200 min (22/03/2018), both are in correspondence of 

floods (flood D and G respectively in Figure 14). Flood G is particularly relevant (high water level and 

persistent in time). During the initial and final time period (before and after winter period), the parameters 

of the embankment layer show a very low sensitivity (close to 0). For what concerns the fluvial layer, peaks 

of sensitivity of n, ʻǎ ŀƴŘ ʰ are registered in correspondence of 50 000 min (16/12/2017) and 200 000 min 

(30/03/2018) (flood D and G/H in Figure 19), while in the remaining period the sensitivity is zero. The global 

sensitivity of the fluvial layer is lower than the one of the embankment layer. As we could expect, the 

sensitivity of the parameters of the aquifer layer is zero a part from the saturated permeability Ks, with an 

average sensitivity of 0,08. In fact the aquifer layer is saturated due to the presence of the water table, for 

this reason the only parameter that influences its behaviour is the saturated permeability. The foundation 

layer shows high sensitivity for the parameter ΨΩƴΩΩ around 41800 min (11/12/2017, flood C) and 304200 

min (11/06/2018, flood M in Figure 14), the same periods observed also for the embankment and fluvial 

layers, but with the difference that the sensitivity remains high during all the investigated period. The pore-

connectƛǾƛǘȅ ǇŀǊŀƳŜǘŜǊ ΨΩƭΩΩ Ƙŀǎ ƴƻǘ ōŜŜƴ ƛƴǾŜǎǘƛƎŀǘŜŘ ŘǳŜ ǘƻ ǇǊŜǾƛƻǳǎ ǎǘǳŘƛŜǎ ǎǘŀǘƛƴƎ ǘƘŜ ƭƻǿŜǎǘ ǎŜƴǎƛǘƛǾƛǘȅ 
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of this parameter compared to the other hydraulic parameters (Abbasi et al, 2003). We can conclude that 

the calibration procedure to be carried out must ŦƻŎǳǎ ƻƴ ǘƘŜ ƻǇǘƛƳƛȊŀǘƛƻƴ ƻŦ ǇŀǊŀƳŜǘŜǊǎ ƴΣ ʻs, KsΣ ʰ ŦƻǊ ǘƘŜ 

embankment layer, Ks ŦƻǊ ǘƘŜ ŀǉǳƛŦŜǊ ƭŀȅŜǊΣ ƴΣ ʻsΣ ʻr, KsΣ ʰ ŦƻǊ ǘƘŜ ŦƭǳǾƛŀƭ ƭŀȅŜǊ ŀƴŘ ʻrΣ ƴΣ ʻs, Ks for the 

foundation layer. It is important to notice that a variation of +1% of the initial value of the parameter 

causes relevant changes in the model output1 and this aspect is extremely interesting for the investigated 

case study because a number of performed indirect simulations (as we will see in the following) have the 

optimized parameters that result in a narrow range close to the base-values, some of them with just 

changes in the fourth or fifth digit after the comma .The optimized parameters obtained from inverse 

simulation have a precision of 5 digits after the comma and the performed sensitivity analysis gives 

indication if it is relevant or not to maintain such precision. The parameters that we have underlined for 

their incidence on the model output have to be treated with the highest possible precision. The initial 

parameters dataset (base dataset) has a precision of 3 digits after the comma because a higher precision 

seems not reasonable considering that their values are the average of the hydraulic parameters obtained 

by laboratory SWRC. 

Focusing the attention on the hydraulic parameterǎ ƻŦ ǘƘŜ ǿŜǘǘƛƴƎ ŎǳǊǾŜ όʻmΤ ʻswΤwh; Ksw) in Figure 15, it is 

possible to observe a lower sensitivity compared to the hydraulic parameters of the drying curve. The 

average value of the sensitivity coefficient for the three layers (embankment, fluvial, foundation) is +/-0,02 

while for the hydraulic parameters of the drying curve is around +/- лΣлсΦ ¢ƘŜ ǇŀǊŀƳŜǘŜǊǎ ʻm, s̒w , wh have 

the same trend in time for the three layers while Kw has a different trend. The embankment layer shows a 

peak of sensitivity around 180 000-200 000 min (flood G in Figure 14), while the fluvial layer around 60 000 

min (flood C). Floods G and C are the major flooding events of the 2018 year. For what concerns the 

foundation layer peaks of the sensitivity coefficients are observable during the whole 2018 period, as 

observed for the parameters of the drying curve. The sensitivity analysis of the wetting parameters shows, 

as could be expected, the greatest influence on the model output during the most relevant flooding events 

(for the water level height or duration in time). 

 EMBANKMENT FLUVIAL FOUNDATION 

VGM BASE VALUES + 1% BASE VALUES + 1% BASE VALUES + 1% 

ʰ  όмκƳύ 0,850 0,8585 0,250 0,2525 0,117 0,1181 

s̒ 0,397 0,4009 0,319 0,3221 0,424 0,4282 

Kd (m/min) 0,000090 0,0000909 0,0000276 0,0000304 0,000000198 0,000000218 

n 1,304 1,3170 1,284 1,2968 1,14200 1,1534 

r̒ 0,004 0,00404 0,001 0,00101 0,001 0,00101 

HVGM  

m̒ 0,3975 0,4372 0,3191 0,3510 0,4241 0,4665 

s̒w 0,3573 0,3930 0,287 0,3157 0,3816 0,4197 

wh 1,70 1,87 0,500 0,550 0,240 0,264 

Ksw (m/min) 0,000080 0,000088 0,000010 0,000011 0,00000010 0,00000011 
Table 5:base values of the parameters for the embankment, fluvial and foundation layers and the varied values of the 
parameters (+1%of the initial value) used in the OFAT analysis. 

                                                             
1
 If we consider for example a sensitivity coefficient of 0,1 and a value Y(bj)=1 m, the difference between the output of the model with the varied 

parameter and the output of the model with the base parameter (ὣὦ ῳὦὩ ὣὦ ) is equal to 0,1 m which is a significative number in a pwp 

distribution analysis. 
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Figure 15: Sensitivity coefficient in time calculated in the chosen observation points (SPC1-7m for the embankment layer; PZ1-
17m for the aquifer layer, MPB2-2,2m for the fluvial layer and TB1-4,9m for the foundation layer) changing a parameter at a 
time of +1% of its value (OFAT analysis). Minutes on the x-axis are calculated from the initial time instant of the 2018 simulation 
(12th November 2017), see Figure 14. 

5_2 INVESTIGATION ON THE SIGNIFICANT DIGITS OF THE MODEL PARAMETERS 

In Hydrus 2D the hydraulic input parameters could be set with a different number of digits after the 

ŘŜŎƛƳŀƭ ǇƻƛƴǘΥ ΨΩʻǎΩΩ ŦƛŦǘŜŜƴ ŘƛƎƛǘǎΣ ΨΩʻǊΩΩ ŜƛƎƘǘŜŜƴ ŘƛƎƛǘǎΣ ΨΩʰΩΩ ŦƛŦǘŜŜƴ ŘƛƎƛǘǎΣ ΨΩƴΩΩ ŦƻǳǊǘŜŜƴ ŘƛƎƛǘǎ ŀƴŘ ΨΩKΩΩ 

thirteen digits. The output values in terms of observed-simulated values (PH or wc) have 3 digits after the 

comma and the optimized parameters in output (in the indirect problem) could have up to five digits after 

the comma. The set of base values (initial set of hydraulic parameters) used in the present case study has 3 



 

 
85 

digits after the comma and, as said before, it corresponds to the average values of the parameters as 

obtained by laboratory tests (evaporation tests). 

The sensitivity of the model equations and solver has been tested considering different values of the input 

ǇŀǊŀƳŜǘŜǊǎ ǿƛǘƘ ŘƛŦŦŜǊŜƴǘ ƴǳƳōŜǊ ƻŦ ŘƛƎƛǘ ŀŦǘŜǊ ǘƘŜ ŎƻƳƳŀ όŦǊƻƳ ǘƘǊŜŜ ǘƻ ŦƛǾŜ ŦƻǊ ʻǎΣ ʻǊΣ ʰΣ ƴ ŀƴŘ ŦǊƻƳ 5 to 

11 for K) for the embankment, fluvial and foundation layers. One parameter at a time is changed and the 

differences between the output and the base solution in the observation points of the same layer are 

computed. Due to the fact that the optimized parameters obtained in the calibration phase (from the 

inverse analysis) have 5 digits after the point, it is important to know the degree of sensitivity of the model 

to changes of the parameter value after the third digit. We are interested to know if a direct simulation that 

shows a change in the fourth or fifth digit with respect to the base value is significant. This aspect is 

extremely interesting for the investigated case study because a number of performed indirect simulations 

give in output values of the optimized parameters that result in a narrow range close to the base-values, 

some of them with just changes in the fourth or fifth digit. 

In Table 6 the values with which the simulations have been performed are reported. As it is possible to see, 

the tested values are very close to the base values but with an increasing number of digits after the comma. 

The observation points considered to compute the difference between output with base parameter and 

output with the changed parameter are:  

-MPS6-MPC1-4,6m; MPS6-SPC1-7m; T8-TC2-8m for the embankment layer (pressure head measurements) 

-GS3-MPC1-2,4m; GS3-MPC1-4,5m; GS3-SPC2-7,1m for the embankment layer (water content 

measurements) 

-GS3-MPB2-2,2m for the fluvial layer (water content measurements) 

-MPS6-SPB1-1,2m for the fluvial layer (pressure head measurements) 

-T8-TB1, PZ2-10m for the foundation layer (pressure head measurements) 

Table 6: The table reports the base values of each hydraulic parameter and the varied parameter with an increasing number of 
digits after the comma. These parameters are tested in order to investigate the significant number of digit to consider for each 
parameter. 

EMBANKMENT 

 BASE 
VALUES 

TESTED VALUES 

 h(1/m) 0,850 1h 0,8504 2h      

s̒ (-) 0,397 s̒1  s̒2      

K (m/min) 0,00009 K1  0,000094 K2  0,0000944 K3  0,00009444 K4  0,00009444 

n (-) 1,304 n1 1,3044 n2 1,30444     

r̒ (-) 0,004 r̒1 0,0044 r̒2 0,00444     

FLUVIAL 

ʰ όмκƳύ 0,250 1h  2h      

s̒ (-) 0,319 ʻǎ1  ʻǎ2      

K (m/min) 0,00002 K1  0,000024 K2  0,0000244 K3 0,00002444 K4 0,000024444 

n (-) 1,284 n1 1,2845 n2 1,28455     

r̒ (-) 0,001 ʻǊ1 0,0015 ʻǊ2 0,00155     

FOUNDATION 
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ʰ όмκƳύ 0,117 1h 0,1174 2h 0,11744     

s̒ (-) 0,424 ʻǎ1 0,4244 ʻǎ2 0,42444     

K (m/min) 0,0000001 K1  1,4E-07 K2  1,44E-07 K3 1,444E-07 K4 1,4444E-07 

n (-) 1,142 n1 1,1424 n2 1,14244     

r̒ (-) 0,001 ʻǊ1 0,0014 ʻǊ2 0,00144     

 

For each simulation, the difference between the output of the model with the changed parameter and the 

output with the base value is computed. In the table below the maximum and minimum differences (in 

terms of PH or wc) for each performed simulation are presented. 

Table 7: The table reports the differences in terms of PH (m), wc (-) between the simulation with the base parameter and the 
simulation with the varied parameter. 

  1h 

 
2h K1 

 
K2 K3 K4 n1 

 
n2 
 

ʻǊ1 

 
ʻǊ2 

 
ʻǎ1 

 
ʻǎ2 

 

PH 
EMB 

Max 
(m) 

0,009 0,004 0,153 0,174 0,016 0,016 0,010 0,009 0,006 0,015 0,016 0,016 

Min 
(m) 

-0,005 -0,010 -0,112 -0,128 -0,023 -0,023 -0,018 -0,008 -0,007 -0,009 -0,023 -0,023 

wc 
EMB 

Max  
(-) 

0,001 0,001 0,002 0,002 0,002 0,087 0,001 0,001 0,000 0,001 0,00 0,001 

Min 
(-) 

0,000 0,000 -0,006 -0,008 -0,007 0,013 0,000 0,000 -0,001 -0,001 -0,001 -0,001 

wc 
FLUV 

Max 
(-) 

0,001 0,001 0,002 0,002 0,002 0,002 0,001 0,001 0,001 0,000 0,000 0,000 

Min 
(-) 

-0,001 -0,001 -0,024 -0,024 -0,024 -0,024 0,000 0,000 -0,001 -0,001 -0,001 -0,001 

PH 
FLUV 

Max 
(m)  

0,118 0,120 0,148 0,166 0,167 0,168 0,171 0,171 0,170 0,171 0,037 0,037 

Min 
(m) 

-0,074 -0,054 -0,316 -0,379 -0,354 -0,380 -0,380 -0,380 -0,381 -0,347 -0,039 -0,039 

PH 
FOUND 

Max 
(m) 

0,331 0,282 0,318 0,384 0,379 0,417 0,417 0,224 0,581 0,227 0,213 0,164 

Min 
(m) 

-0,207 -0,143 -1,758 -1,762 -1,741 -1,779 -1,778 -0,200 -0,235 -0,355 -0,198 -0,169 

 

The bar diagram (tornado plot) is a powerful tool in deterministic sensitivity analysis to compare the 

relative importance of variables. It shows for each simulation the lower and higher value of the difference 

between base line output (output with base parameter) and the output with the changed parameter 

ό1hΣ2h,K1,K2,K3,K4,n1,n2Σ ʻǊ1ΣʻǊ2Σʻǎ1Σʻǎ2). It shows in an effective way the parameters that contribute the most 

to the variability of the outcome, reporting graphically the information provided in Table 7. 

As it is possible to notice in Figure 16, the parameter K is the one that drives the largest impact on the 

output, changes of the decimeter order are reported for the pressure head dataset of the embankment 

(~0,2m) and fluvial layers (~0,4m ) while changes of the meter order (~ 1,7m) for the foundation layer. For 

the water content dataset, variation of the K parameter produces changes of the order 0,002-0,087 (-) for 

the fluvial layer and 0,002-0,024 (-) for the foundation layer. Relevant changes are obseǊǾŀōƭŜ ŀƭǎƻ ŦƻǊ ʻǎ ƛƴ 

ǘƘŜ ŜƳōŀƴƪƳŜƴǘ ƭŀȅŜǊ όtI ŘŀǘŀǎŜǘύ ǿƛǘƘ ƳŀȄƛƳǳƳ ŘƛŦŦŜǊŜƴŎŜ Ϥ лΣлнƳΤ ŦƻǊ ʰ ƛƴ ǘƘŜ ŦƭǳǾƛŀƭ ƭŀȅŜǊ όtI 

dataset) with maximum difference ~ 0,1 m and in the foundation layer (PH dataset) with maximum 

differences of 0,30 m and 0,60 m for the h  ŀƴŘ ʻǊ ǇŀǊŀƳŜǘŜǊΣ ǊŜǎǇŜŎǘƛǾŜƭȅΦ 
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Figure 16: Tornado plot representing the max and min differences between the output of the simulation using the base 
parameter and the varied parameter (h 1Σ2h,K1,K2,K3,K4,n1,n2Σ ʻǊ1ΣʻǊ2Σʻǎ1Σʻǎ2). 

An analytical method to assess the sensitivity of a system of parameters on the model output uses 

sensitivity indices. For the investigated case study the sensitivity index of Gomes et al (2017), developed 

from the work of Saraiva et al (2017), is proposed. The method is applied to system output values obtained 

by one-at-a-time-measures. The differences between output value and the base solution are calculated for 

each parameter of the system then a normalization is applied. The proposed method is a generalization of 

the method of sum of differences. The used sensitivity index has the following formulation: 

Ὓὼ
В

В  В
                                                                                                                        [equation 129] 

 

Where ͼὲͼ is the number of one-at-a-time measures of the parameter xiΣ ΨΩ ὭΩΩ ƛǎ ǘƘŜ ƛƴŘŜȄ ƻŦ ǘƘŜ ǇŀǊŀƳŜǘŜǊΣ 

ΨΩ ώΩΩ ƛǎ ǘƘŜ ƻǳǘǇǳǘ ƻŦ ǘƘŜ ǎȅǎtem for the j-th measure of xi, ΨΩ ὯΩΩ ƛǎ ǘƘŜ ǘƻǘŀƭ ƴǳƳōŜǊ ƻŦ ǇŀǊŀƳŜǘŜǊǎ ƻŦ ǘƘŜ 

ƳƻŘŜƭ ŀƴŘ ΨΩ ὦΩΩ ƛǎ ǘƘŜ ōŀǎŜ ǎƻƭǳǘƛƻƴΦ Lƴ Table 8 the sensitivity indices Ὓὼ  are summarized for each family 
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of simulations (PH_embankment, wc_embankment, wc_fluvial, PH_fluvial, PH_foundation). The index is 

able to show numerically the impact on the model output of an increasing number of digit after the comma 

in the values of the adopted parameters. To help visualize this concept, a chromatic scale from yellow 

(lowest sensitivity) to orange (highest sensitivity) is applied in Table 8. As it is possible to notice the ʰ 

parameter is the one that shows the lowest impact in each layer ǘƻƎŜǘƘŜǊ ǿƛǘƘ ǘƘŜ ʻǊ ǇŀǊŀƳŜǘŜǊ. On the 

contrary the saturated permeability K shows a relevant impact on the model output in fact changes even in 

the ninth-eleventh digit after the comma could produce non-negligible changes on the simulation results. 

Table 8: The table reports the max value of the sensitivity coefficient found for each layer (embankment, fluvial, foundation) 
using a PH dataset or a wc dataset. 

 SENSITIVITY INDEX 

 1h 2h K1 K2 K3 K4 n1 n2 r̒1 ʻǊ2 ʻǎ1 s̒2 
PH_emb 
(m) 

0,007 0,009 0,334 0,382 0,051 0,051 0,025 0,011 0,009 0,018 0,051 0,051 

wc_emb (-) 0,001 0,002 0,018 0,022 0,021 0,891 0,005 0,005 0,004 0,005 0,013 0,014 
wc_fluv (-) 0,002 0,004 0,166 0,178 0,178 0,177 0,004 0,002 0,001 0,003 0,098 0,187 
PH_fluv (m) 0,008 0,007 0,112 0,121 0,122 0,123 0,123 0,125 0,123 0,124 0,006 0,006 
PH_found 
(m) 

0,015 0,067 0,055 0,133 0,149 0,132 0,129 0,057 0,057 0,073 0,065 0,067 

 

5_3 PRELIMINARY CONLUSIONS AND FURTHER STUDIES 

The geometry of the embankment section along Secchia River has been investigated by means of a 

topographic survey, then the spatial points have been imported in the Hydrus2D program as coordinates 

x,y. The resulting domain is 90m wide and 23,4m high (see Figure 9). N°21 observation points have been 

positioned in the model section where sensors have been installed in the bank body. The upper boundary 

of the model section is an atmospheric boundary defined by data in time (every 30 min) of precipitation, 

evaporation and transpiration. The evapo-transpiration contribution has been computed using the free-

source program CRITERIA 1D developed by ARPA, an algorithm which approximates physical processes 

through simplified schemes. This simple modelling approach is mandatory in the investigated case study 

due to the lack of the necessary parameters (to compute the actual evapo-transpiration contribution from 

the potential contribution elaborated using the Penman-Monteith method (Penman,1949; Monteith, 

1965)) for a more accurate representation of the phenomenon. The lower boundary of the model is a no 

flux boundary, while on the left side the hydrographic level monitored by a stream gauge at Ponte 

Bacchiello is imposed by means of pressure head (m) data in time. To the right edge of the model, a 

constant head boundary condition is applied to represent the far-field water table. In order to individuate 

the best mesh size to discretize the model, the results in terms of pressure head in the section passing 

through the embankment crest have been compared using a mesh dimension from 2m to 0,3m. A 

dimension of 1m guarantees the almost perfect coincidence with the ΨΩmore accurateΩΩ solution obtained 

with a mesh size of 0,3m, and, in close proximity to the observation points and close to the atmospheric 

boundary condition, the mesh has been refined up to 0,3m in order to ease the computation where the 

majority of the numerical problem complexities are expected (see Figure 11). The optimal horizontal 

dimension of the model has been tested in order to individuate the minimal extension of the right edge 

which guarantees ǘƘŜ ΨΩƳƻǊŜ ŀŎŎǳǊŀǘŜ ǎƻƭǳǘƛƻƴέ (see Figure 12; Figure 13). A dimension of 100 m from the 

axis origin (center of the river bed) has been individuated as the optimal one. Four different hydraulic 

models have been used to simulate the 2017-2019 hydrometric river water heights succession in the 
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investigated section: the Van Genutchen model (VGM), the Van Genutchen model considering an air entry 

value of -2cm (VGM-2cm), the Van Genutchen model considering the hysteretic behaviour (HVGM) and the 

van Genuchten-Mualem model incorporating hysteresis and the -2cm air entry value (HVGM-2cm). The 

adopted hydraulic parameters of the SWRC models are the average values of the parameters obtained by 

laboratory tests. The period from 30th January 2017 to 11th November 2017 has been simulated and 

calibrated in order to use the pwp distribution of the last instant of the simulation as initial conditions for 

the simulation of the 2018 period (12th November 2017 to 23rd June 2018). 2018 period has a greater 

relevance for the addressed geotechnical problem compared to the 2017 period due to the greater number 

of flood peaks registered and their persistence in time (see Figure 14). The initial conditions for the 

simulation of the 2017 period have been obtained using the monitoring data of the first day of simulation in 

the observation points and considering a linear interpolation of the pressure head values in the remaining 

points. A sensitivity analysis of the hydraulic parameters of the wetting and drying curves has been 

performed in order to individuate the most relevant ones on whom the calibration has to focus. The OFAT 

methodology has been applied (Simunek et al (1998), Abbasi (2015)): one hydraulic parameter at a time is 

varied of +/-1% with respect to the initial value and the sensitivity coefficient is measured in each layer of 

the model in order to investigate the local response to parameter change. Looking closely to the results 

increasing the value of the hydraulic parameters of +1% (with respect to the base value), it has been 

observed that ƴΣ ʻǎ ƻŦ the embankment layer show the highest sensitivity with peaks in correspondence of 

floods D and G (see Figure 14) while in the remaining simulation period the sensitivity is low or close to 

zero. For what concerns the fluvial layer; n, ʻǎ and ʰ show a high sensitivity which is zero in the rest of the 

simulation period. As expected the saturated permeability of the aquifer layer is the only sensitive hydraulic 

parameter. In the foundation layer, a significant sensitivity is registered for all the hydraulic parameters 

during the whole investigated period, expecially the n parameter has a relevant peak of sensitivity in 

correspondence of flood C. For what concerns the parameters of the wetting curve, their sensitivity is much 

lower compared to the one of the drying curve and peaks are observed for the fluvial and embankment 

layers in correspondence of the floods C and G, while for the foundation layer the sensitivity is more 

homogeneous over the whole simulation period (see Figure 15). Inverse analysis gives in output hydraulic 

parameters in some cases arranged in a very narrow range around the base values (initial guess of the 

parameters). It is interesting at this stage to understand if it is significant to consider changes in the third-

fifth digit after the comma for parameters ̒ǊΣ ʻǎΣ ƴΣ ʰ and in the fifth-eleventh digit for the saturated 

permeability in the different layers. To investigate this aspect, a computation of the differences in terms of 

PH and wc has been performed and the sensitivity coefficient proposed by Saraiva et al (2017) and Gomes 

et al (2017) has been used between the simulation with the base parameter and the simulation with the 

changed parameter for every hydraulic parameter and for every layer. Parameters are changed using an 

increasing number of digits after the comma. It has been observed that the saturated permeability is the 

parameter to whom variations the model output is more sensible (up to the eleventh digit after the 

comma) for all the investigated layers, while ʰ ŀƴŘ ʻǊ Ƙŀve a low (or very low) sensitivity. We understand 

that when dealing with the saturated permeability K, the saturated water content ʻǎ and the shape factor 

n, it is always suggested to consider even the minimal variation with respect to the initial parameter value.  

In the following chapter, the statistical comparison between direct simulations using four different 

hydraulic models (VGM, HVGM, VGM-2cm, HVGM-2cm) has been presented. Qualitative and quantitative 

methods have been used for this purpose and pros and cons of each technique have been highlighted. 
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Afterwards, the analysis has been concentrated expecially on the VGM, which is the simpler model among 

the adopted ones and the one that requires the lower number of parameters. The quantitative analysis of 

the performance has been carried out on the single observation point to investigate locally the model 

performance (in the single layer), globally using the whole set of observation points, and subdivided on the 

single peak and off-peak periods in order to investigate the model performance in certain periods of the 

simulation more interesting for our purposes. Moreover the performance of the VGM has been 

investigated using different datasets of observation point (wc, PH and wc+PH). The last part of chapter 6 

focuses on the different typologies of measurements errors that could influence the dataset of observation 

points (measurement error, sensor accuracy, instrument calibration etc). 

6 STATISTICAL COMPARISON BETWEEN DIRECT SIMULATIONS  

6_1 STATISTICAL COMPARISON OF THE PERFORMANCE OF DIFFERENT HYDRAULIC 

MODELS 

In the present chapter a comparison between direct simulations of the 2018 period (12th November, 2017 

to 23rd June 2018) using four different hydraulic models is presented. The chosen hydraulic models are the 

following: the van Genuchten model (VGM), the van Genuchten model considering the hysteretic 

behaviour (HVGM), the van Genuchten model imposing an air-entry value of -2cm (VGM-2cm); the van 

Genuchten model considering the hysteretic behaviour and an air-entry value of -2cm (HVGM-2cm). The 

four different hydraulic models available in Hydrus library have been presented extensively in chapters 

§2_3; §2_4 and §2_5 of the present thesis. The simulations differ from one another only for the hydraulic 

model, no other changes are introduced for example in the boundary conditions, initial conditions, 

discretization of the domain etc.. 

In Table 9 the initial parameters datasets used for the four chosen hydraulic models are reported. 

HVGM  
HVGM-2cm 

ʻǊ ʻǎ ʰ 
(1/m) 

n K (m/min) l ʻƳ ʻǎǿ ʰǿ Ksw (m/min) 

Fluvial layer 0,0005 0,319 0,251 1,284 0,0000276 0,5 0,3191 0,287 0,50 0,0000276 
Foundation 
layer 

0,001 0,424 0,118 1,142 0,000000198 0,5 0,4241 0,382 0,24 0,000000198 

Agrarian 
layer 

0,00005 0,366 0,161 1,307 0,000027 0,5 0,3662 0,330 0,32 0,000027 

Aquifer layer 0,01 0,43 0,200 1,200 0,00009 0,5 0,4301 0,387 0,40 0,00009 
Subsoil layer 0,00 0,43 0,200 1,200 0,000000078 0,5 0,4301 0,387 0,40 0,000000078 
Embankment 
layer 

0,004 0,397 0,850 1,304 0,00009 0,5 0,3975 0,357 1,70 0,00009 

VGM  
VGM-2cm 

ʻǊ ʻǎ ʰ 
(1/m) 

n K (m/min) l 

Fluvial layer 0,0005 0,319 0,251 1,284 0,0000276  
Foundation 
layer 

0,001 0,424 0,118 1,142 0,000000198 

Agrarian 
layer 

0,00005 0,366 0,161 1,307 0,000027 

Aquifer layer 0,01 0,43 0,200 1,200 0,00009 
Subsoil layer 0,00 0,43 0,200 1,200 0,000000078 
Embankment  0,004 0,397 0,850 1,304 0,00009 
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Table 9: Set of parameters used in the four chosen hydraulic models (VGM, HVGM, VGM-2cm, HVGM-2cm) 

For each layer, observation points are chosen where reliable sensors monitoring the water content (wc) or 

pressure head (PH) are available in situ. The chosen sensors are sufficient to give to the modeller enough 

information on the pwp distribution map in time of the investigated bank section. In chapter §6_2, to 

evaluate the performance of direct simulations, only a small part (7 sensors) of the available installed 

sensors has been used. A larger number of sensors will be used in chapter §6_2 to investigate in detail the 

performance of the direct simulation that uses the VGM, while the whole set of sensors will be used in the 

calibration phase to perform the inverse analysis and to evaluate the performance of each indirect 

simulation. 

In particular, the seven observation points chosen for the present chapter are the following: 

¶ For the embankment layer: MPS6-MPC1-4,6 m, MPS6-SPC1-7m (pore pressure measurements), 

GS3-MPC1-4,5m and GS3-SPC2-7,1 m (water content measurements). 

¶ For the foundation layer: T8-TB1-4,9m (pore pressure measurements). No sensors for the water 

content monitoring are available in the foundation layer. 

¶ For the fluvial layer: GS3-MPB2-2,2m (water content measurements). A sensor monitoring the pore 

pressure has been installed in the fluvial layer (MPS6_SPB1_1,2m) but the author prefers to not use 

these data in this phase because a strong influence of the evapo-transpirative processes is detected 

at this depth and, for this reason, the use of different hydraulic models affects only marginally this 

observation point. 

¶ For the aquifer layer: PZ1-17 m (pore pressure measurements). No sensor for water content 

monitoring is available in the aquifer layer. 

In Figure 17, seven graphs, one for each selected observation point, are presented. In each graph, the 

observed data are compared to the simulated data for each of the four hydraulic models. As it is possible to 

observe: 

¶ The models reproduce satisfactorily MPS6-SPC1 7,0m (embankment), T8-TB1-4,9m (foundation), 

PZ1-17m (aquifer) following the peaks and the trend of the observation measurements. A very low 

bias is observed for these observation points. MPS6-SPC1-7,0m despite an initial condition far from 

the one observed in situ, in time showed a reduction of the influence of the initial conditions and a 

recovery of the experimental trend. 

¶ The models reproduce relatively well GS3-SPC2-7,1m and GS3-MPB2-2,2m dataset and the bias 

between observed and simulated data is due to a not perfect match with the initial observed water 

content while the overall trend in time is followed. The influence of the initial conditions does not 

seem to reduce in time. 

¶ For what concerns GS3-MPC1-4,5m (embankment) and MPS6-MPC1-4,6m (embankment), the 

models seem to be responsive to the seventh flood of the 2018 period (period 158200-193000min, 

from 1/03/2018-26/03/2018, duration~25 days), showing a very steep increase both in pore 

pressure and in water content at the same depth (4,5 m) that is not observed in the in situ data. 

The embankment seems less responsive to external hydraulic stimuli with respect to the simulated 

behaviour of the model.  

¶ All the considered hydraulic models show almost the same simulation trends for the investigated 

observation points (same peaks, same curve decay etc). The differences between the simulation 
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trends of models VGM, HVGM, VGM-2cm are extremely reduced while HVGM-2cm shows the 

greatest differences. 

In Figure 18, observed data (x-axis) versus simulated data (y-axis) represent the scatter of the data points 

around the line of perfect agreement (1:1). This is another interesting way to look at the same information 

reported in Figure 17. As could be observed T8-TB1-4,9m, PZ1-17m, MPS6-SPC1-7m present an acceptable 

scattering from the best fit (45° black line) while MPS6-MPC1-4,6m and GS3-MPB2-2,2m show a constant 

underestimation of the data and GS3-MPC1-4,5m an overestimation of the observed data. 

What has just been exposed is the standard qualitative procedure adopted to compare graphically different 

simulations or verify a trial and error calibration procedure. But, as could be seen, from a graphical 

comparison, it is extremely difficult to quantify the performance of a group of simulations (that use for 

example different hydraulic models) or the performance of a model with respect to different in situ 

observations. 

  

Figure 17: Comparison between the observed dataset (black points) and the simulated dataset using four different hydraulic 
models (VGM, HVGM, VGM-2cm, HVGM-2cm) in the considered 7 observation points (MPS6_MPC1_4,6m; MPS6_SPC1_7m; 
GS3_MPC1_4,5m; GS3_SPC2_7,1m; T8_TB1_4,9m; GS3_MPB2_2,2m, PZ1_17m). 
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Figure 18: Graphs representing the scattering of the data points observed-simulated around the best fit line (1:1) of the four 
considered hydraulic models 

Figure 17 and Figure 18 show reduced differences in terms of pressure head and water content between 

the different hydraulic models. At this stage, an effort will be made to understand the entity of those 

differences in order to understand if an increase in the complexity of the model passing from a VGM with 6 

parameters to an hysteretic model with 10 hydraulic parameters could be meaningful and desirable for our 

purposes. 

In Table 10 the maximum deviations (in the positive and negative range) between the VGM (taken as the 

reference) and the other considered hydraulic models (HVGM, VGM-2cm; HVGM-2cm) are presented. The 

hydraulic model HVGM-2cm shows the highest differences for almost all the selected points, while HVGM 

and VGM-2cm show relevant changes only in the observation points PZ1-17 m (subsoil layer) and 

T8_TB1_4,9m (fluvial layer/berm). HVGM seems to respond quite differently in the berm (fluvial layer) with 

respect to the VGM while the response in the embankment layer is almost the same. Table 10 is able to 

underline the entity of the maximum differences between the different hydraulic models but it does not 

give information in which temporal instants of the simulation those differences are recorded. 
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 HVGM - VGM VGM-2cm - VGM HVGM-2cm - VGM 

PZ1_17m  (m) 0,428/ -0,940 0,149/ -0,124 0,580/ -0,749 

T8_TB1_4,9m  (m) 0,159/ -0,583 0,044/ -0,085 0,140/ -3,355 

MPS6_MPC1_4,6 m  (m) 0,004/ -0,002 0,002/ -0,03 -0,004/ -0,482 

MPS6_SPC1_7m (m) 0,023/ -0,005 0,007/ -0,04 0,252/ -0,210 

GS3_MPB2_2,2 m  (-) 0,002/ -0,001 0,001/ -0,001 0,020/ -0,005 

GS3_MPC1_4,5m  (-) 0,001/ -0,001 0,001/ -0,001 0,000/ -0,009 

GS3_SPC2_7,1 m 0,001/ -0,001 0,001/ -0,002 0,012/ -0,009 
Table 10: Maximum deviations registered during the investigated period (2018) between the VGM (taken as reference) and the 
considered hydraulic models (HVGM, VGM-2cm, HVGM-2cm). In red the values that show the highest differences between the 
VGM and the other hydraulic models. 

Adopting the hysteretic models (HVGM or HVGM-2cm) instead of the VGM or VGM-2cm could be 

considered relevant (despite the higher calculation time, the convergence problems and the higher number 

of parameters to be properly calibrated) if relevant changes are detected during the major flood events 

(long-lasting high river water level). 

It is interesting, at this stage, to understand when the major differences are observed between the 

hysteretic (HVGM) and non-hysteretic model (VGM) during the period under investigation and give a 

possible explanation of it. The same differences could be found for the hysteretic model (HVGM-2cm) 

compared to the non-hysteretic model (VGM-2cm) but results are not shown here for reason of brevity. 

Contrary to what could be expected, the inclusion of the hysteretic effects provide just limited changes in 

the embankment behaviour (as could be observed in Table 10) while greater changes are detected for the 

fluvial layer (berm). The explanation could be found in Liu et al (2015) that tested numerically an 

embankment under simplified sinusoidal variations of water level adopting a non-hysteretic model and a 

hysteretic model. It has been noted that the duration of a flood event is a factor affecting greatly the 

hysteretic behaviour of a river embankment. In fact if the period of the flood is small compared to the 

permeability of the embankment, volumetric water content and pore pressure changes have little time to 

propagate and their variations are limited to very small ranges. If we compare the water level fluctuation 

(in m a.s.l) and the deviation in the response of the HVGM compared to VGM in the observation points (see 

Figure 19), it is clear that the greatest variations are detected in correspondence of the third flood C (period 

35000-60000 min, 6/12/17 to 23/12/2017, duration ~17 days), the fifth flood E (period 116400- 139650min, 

31/01/18 to 16/02/18, duration ~16 days), seventh flood G (period 158200-193000 min, 22/02/18 to 

26/03/18, duration~24 days) and eighth flood H (period 197970-238140, 29/03/18 to 26/04/18, duration 

~28 days ). 

A part from the subsoil that is a very deep layer (PZ1_17m), the most relevant differences are observed for 

the fluvial layer (berm) as already highlighted in Table 10 because the hydraulic stimuli affect earlier this 

area and here they are more persistent in time (with respect to the embankment layer). Variations in pore 

pressure due to hysteretic behaviour have to be considered when computed for stability analysis because 

the factor of safety (FOS) is always overestimated in non-hysteretic models leading to potentially 

dangerous situations (Liu et al, 2015).  

In Table 11 a quantification of the performance of the HVGM compared to the VGM is presented by means 

of a set of metrics during the flood periods highlighted in Figure 19: floods C; E and F, G, H. Focus the 

attention from the whole simulation period to discrete temporal intervals could be extremely useful in 

order to investigate the model performance in interesting time periods for the purpose of the analysis. 
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Accuracy metrics (MBE, MAE, RMSE, R2), efficiency metrics (NSE, IA, NSEj, IAj, NSErel, IArelΣ L!Ωύ ŀƴŘ statistical 

significance criteria (p-value) are chosen as indices. The chosen 7 observation points are the same used in 

Table 10 and Figure 19 (MPS6_MPC1_4,6m; MPS6_SPC1_7m, GS3_MPC1_4,5m; GS3_SPC2_7,1m; 

T8_TB1_4,9m; GS3_MPB2_2,2m; PZ1_17m). As it could be easily read comparing the values of the indices 

to the best fit (2nd column), the HVGM shows a better performance compared to VGM for the flood periods 

C, E and F, H. The differences between the indices of the two models are reduced as could be read also in 

Figure 19. The general performance of both the investigated models is satisfactory. 

A set of metrics/indices could be used also to give a quantitative comparison of the differences in the 

observation points of the berm, highlighted qualitatively in Figure 19, between the VGM and HVGM (see 

Table 12). In some cases it is interesting to investigate the behaviour of the simulation locally in particular 

observation points instead of considering the behaviour of the simulation on the whole group of 

observation points. This allows to have a more refined investigation of the model performance in particular 

zones of the domain whose problems could not be highlighted facing the simulation globally instead of 

locally. The chosen observation points are localized in the berm: T8_TB1_4,9m (PH) and GS3_MPB2_2,2m 

(wc). Comparing the values of the metrics with the best fit (2nd column) it is clear that the HVGM is able to 

reproduce better the pwp and the wc distributions in the fluvial layer (berm), as we could expect. These 

differences, as highlighted multiple times, are small but significant because detected in the most relevant 

time periods of the analysis (major flood peaks). 

 

Figure 19: In the top chart the river water height (m a.s.l) vs time with indication of the flood events using letters from A to N. In 
the chart in the centre the differences (in terms of pressure head (m)) between the VGM and HVGM in the observation points 
MPS6-MPC1-4,6m; T8-TB1-4,9m, MPS6-SPC1-7m and PZ1-17m. In the bottom chart, the differences (in terms of water content) 
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between the VGM and HVGM in the observation points MPB2_2,2m; MPC1_4,5m; SPC2_7,1m. A red dashed line highlights the 
temporal periods in which greater differences are found between the two considered hydraulic models. 

  VGM HVGM 

 BEST FIT C E-F G H C E-F G H 

MBE 0 -0,749 -0,125 -0,151 -0,279 -0,691 -0,108 -0,159 -0,269 

MAE 0 1,216 0,434 0,572 0,453 1,178 0,405 0,576 0,441 
RMSE 0 1,611 0,546 0,745 0,510 1,587 0,525 0,758 0,499 

R2 1 0,898 0,985 0,987 0,994 0,896 0,986 0,986 0,994 

NSE 1 0,835 0,979 0,971 0,985 0,839 0,980 0,970 0,986 

IA 1 0,963 0,995 0,994 0,997 0,963 0,995 0,993 0,997 

NSErel 1 0,666 0,850 0,960 0,977 0,677 0,854 0,960 0,977 

IArel 1 0,924 0,965 0,991 0,995 0,927 0,966 0,991 0,995 

L!Ω 1 0,827 0,934 0,929 0,937 0,833 0,938 0,928 0,939 

NSEj 1 0,654 0,867 0,858 0,875 0,666 0,876 0,857 0,878 

IAj 1 0,836 0,934 0,932 0,939 0,841 0,938 0,931 0,941 

p_value >0,05 0,070 0,605 0,612 0,280 0,093 0,655 0,596 0,298 

Table 11 Set of metrics used to compare the behaviour of the VGM and HVGM during the major flood periods (flood C, E-F, G, H). 
The chosen observation points are the same used in Figure 19. 

  T8_TB1_4,9m (PH) GS3_MPB2_2,2m (wc) 

 BEST FIT VGM HVGM VGM HVGM 

MBE 0 -0,8709 -0,8540 0,0788 0,0788 

MAE 0 1,0072 0,9915 0,0788 0,0788 

RMSE 0 1,2171 1,2079 0,0790 0,0791 

R
2
 1 0,8434 0,8690 0,7741 0,7768 

NSE 1 0,5783 0,5847 -41,240 -41,296 

IA 1 0,8633 0,8652 0,2028 0,2028 

NSErel 1 -3,156 -3,055 -41,013 -41,073 

IArel 1 -0,3469 -0,316 0,2071 0,2071 

L!Ω 1 0,6398 0,6455 -3,6151 -3,6184 

NSEj 1 0,2797 0,2909 -8,2301 -8,2368 

IAj 1 0,5855 0,5906 0,0978 0,0977 
Table 12 Set of metrics used to compare the behaviour of the VGM and HVGM in the observation points located in the berm 
(T8_TB1_4,9m (PH); GS3_MPB2_2,2m (wc)). 
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  DATASET: PH DATASET :wc 

 BEST FIT VGM VGM-2cm HVGM-2cm HVGM VGM VGM-2cm 
HVGM-

2cm 
HVGM 

MBE 0 -0,129 -0,822 -0,822 -0,124 -0,005 -0,005 0,0008 -0,005 
MAE 0 0,523 1,721 1,721 0,518 0,048 0,048 0,048 0,048 
RMSE 0 0,738 2,035 2,035 0,733 0,055 0,055 0,054 0,055 

R2 1 0,895 0,606 0,610 0,896 0,378 0,379 0,396 0,377 
NSE 1 0,844 -0,181 -0,181 0,846 0,250 0,252 0,258 0,249 
IA 1 0,966 0,399 0,399 0,966 0,676 0,677 0,702 0,676 

NSErel 1 0,323 0,774 0,774 0,339 0,357 0,359 0,373 0,356 
IArel 1 0,852 0,885 0,885 0,855 0,722 0,723 0,748 0,722 
L!Ω 1 0,811 0,377 0,377 0,813 0,569 0,569 0,564 0,568 

NSEj 1 0,622 -0,245 -0,245 0,625 0,138 0,139 0,128 0,137 
IAj 1 0,834 0,252 0,252 0,836 0,472 0,473 0,486 0,471 

AIC/  
AICmin 

1 1,01 1,92 1,92 1,00 1,159 1,160 1,163 1,158 

BIC/  
BICmin 

1 1,01 1,92 1,92 1,00 1,157 1,159 1,162 1,157 

HQC/ 
HQCmin 

1 1,01 1,92 1,92 1,00 1,158 1,160 1,163 1,158 

p_value >0,05 0,25 1,2e-172 1,2e-172 0,40 1,39E-5 2,5e-05 0,502 1,4E-5 
Table 13: Set of metrics applied to compare the performance of the different hydraulic models (VGM, HVGM. VGM-2cm, HVGM-
2cm) and the different datasets (PH, wc) applied to the simulation of the 2018 period. 

In Table 13 a set of metrics has been used in order to give an objective evaluation of models performance 

for a direct comparison. Metrics have been calculated for each different hydraulic model (VGM, HVGM, 

HVGM-2cm, VGM-2cm) and using different datasets of observation points: a PH dataset (PZ1_17m; 

TB1_4,9m; MPC1_4,6m; SPC1_7m, MPC3_6,2m) and a wc dataset (MPB2_2,2m; MPC1_4,5m; SPC2_7,1m, 

MPC1_2,4m). The same observation points are used for Figure 17, Figure 18 and Figure 19 of the present 

chapter. 

For what concerns the error metrics (MBE, MAE, RMSE), the greater bias belongs to the VGM-2cm and 

HVGM-2cm for a PH dataset while the water content dataset shows an almost homogeneous behaviour in 

all the four considered models. The comparison between water content dataset and pressure head dataset 

reveals that the accuracy metrics (MBE, MAE, RMSE) show smaller error values when calculated on a water 

content dataset compared to the values obtained for a pressure head dataset. This is easily explained by 

the fact that MBE, MAE, RMSE have the same units of the input data (measured and simulated data) and 

water content and pressure head differ by one order of magnitude. For this reason, it is not possible a 

direct comparison between datasets with different unit of measure using MBE, MAE, RMSE without a prior 

proper normalization (as performed for the calibration programme in chapter §7 according to the 

normalization proposed in chapter §2_7_2_1). As could be observed MBE has the lowest dispersion due to 

the logical fact that the residuals keep their signs (and could be therefore cancel out) while MAE and RMSE 

are always sum of positive errors.  

RMSE of the PH dataset shows a larger error compared to MAE because errors are squared in RMSE before 

being averaged. RMSE varies with the square root of the number of errors (n), with the variability of the 

error magnitudes within the dataset and with the magnitude of the averaged errors (as MAE). This metric 

gives an higher weight to large errors and for this reason, MAE could be considered a more natural 

measure of the average error in order to avoid unrealistic model prediction assessments (Phogat et al, 

2016). Despite the higher error indicated by RMSE metric for the PH dataset, the low value of MBE and 

MAE conceals the simulation inaccuracies. From all this comes the necessity to consider more than one 
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accuracy metric at a time. One of the main limits of MAE and RMSE is the lack of indication of the error 

direction, which is given on the contrary by MBE. This limitation could be ignored if the focus of the analysis 

is on the magnitude of the error and not on its direction. From the values of the accuracy errors in Table 13, 

it is possible to state that all the considered models show a good performance in the investigated 2018 

period. 

The coefficient of determination R2 communicates analogous information of the accuracy metrics, with a 

value close to 0,38 for the water content dataset (performance non acceptable) and close to 0,89 for the 

PH dataset. Despite the good behaviour shown in the present case study, it is strongly suggested to not use 

R2 as the only indicator for simulation evaluation because it only quantifies the dispersion between the 

dataset values but it has been demonstrated that if the model systematically over or under predict all the 

times, the result of this metric could be very close to 1 even if all predictions are incorrect (Krause et al, 

2005). Moreover R2 is over sensitive to extreme values and insensitive to additive and proportional 

differences between observed-simulated data (Legates and McCabe, 1999).  

The efficiency criteria show a very good general fit between observed and simulated datasets with error 

values extremely low (efficiency metrics close to the best fit). The larger error shown by NSErel in Table 13 

for both the types of dataset (with respects to the other efficiency metrics) reflects the wide differences 

between measured and simulated data in certain times of the simulation, but the use of relative deviations 

are able to reduce the influence of the absolute differences between measured-simulated. This is due to 

the sensitivity of NSErel to large variations in values for which a higher weighting is assumed, while small 

divergences are neglected. In other words, larger errors are emphasized while small errors neglected. The 

negative value of NSE and NSEj  obtained for the pore pressure dataset shows a high under prediction of the 

models that is not confirmed from the other efficiency metrics values. The behaviour of the remaining 

efficiency criteria (IA, L!Ω IAj) is homogeneous: lower efficiency for the water content dataset with small 

differences between the hydraulic models, greater value of efficiency for the pressure head dataset in 

particular for the VGM and HVGM.  

The model selection criteria AIC/AICmin, BIC/BICmin, HQIC/HQICmin are particularly useful to perform a 

probabilistic selection of the best model among many. These metrics are able to take into consideration the 

model performance on the training dataset and the complexity of the model (number of parameters). The 

best fit for the model criteria is 1 and the best model is the one that get closer to the best fit. For both the 

datasets (wc and PH), the VGM and HVGM are the models with the best performance according to the 

model selection criteria. 

The level of statistical significance p-value could be used to investigate the significance of two independent 

variables or datasets. The assumed null hypothesis is that the two variables/databases are dependent and 

belong to the same family (no statistical difference). If the p-value is below the significance level 0,05, the 

null hypothesis is rejected. Looking at the p-values in Table 13, the HVGM-2cm is the only model that does 

not reject the null hypothesis for the wc dataset while VGM and HVGM for the PH dataset. 

The combined use of all these metrics together, each of them with its pros and cons, assures a good 

objective assessment of the closeness of the simulated behaviour to the observed datasets and it allows 

also comparing quantitatively different models. From the comparison between hydraulic models (VGM. 

HVGM. VGM-2cm, HVGM-2cm) under the same observation dataset (PH or wc) through the same set of 

metrics in Table 13, it is possible to observe that the VGM and HVGM show the best performance for a PH 
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dataset while VGM-2cm and HVGM-2cm for a wc dataset (better agreement between observed-simulated 

data). 

In the following chapter §6_2, the attention will be focused on the VGM because it is a simple but reliable 

model implemented in Hydrus that requires a lower number of parameters compared to the models 

considering the soil hysteretic behaviour. The statistical analysis performed in chapter §6_2 and proposed 

for the VGM by way of example, could be applied in the same way for the remaining hydraulic models. 

While in subchapter §6_1 a restricted number of observation points (7) has been used in order to facilitate 

the comparison between the different hydraulic models, in subchapter §6_1 an higher number of 

observation points has been used in order to perform an in-depth analysis of the performance of the VGM. 

6_2 STATISTICAL ANALYSIS OF THE PERFORMANCE OF THE VGM 

The analysis of the simulation performance of the VGM presented in the previous chapter §6_1, Table 13 

has been performed considering a restricted number of sensors of the same typology (PH or wc) together. 

This allows having a general overview on the performance of the model in the domain of interest. When 

comparing different models, as done in Table 13, it is recommended to use a restricted number of sensors 

on whose readings the modeller has high confidence and, in case, to choose a restricted set of metrics 

tested in advance on similar datasets. All this to avoid confusion and disorientation facing the enormous 

amount of obtained data. Once the modeller chooses the best simulation among many, a more in-depth 

investigation could be performed on the selected one.  

The chosen observation points are the following:  

-wc dataset embankment layer: GS3_SPC2_7,1m; GS3_MPC1_2,4m; GS3_MPC1_4,5m; GS3_MPC3_6,4m 

-PH dataset embankment layer: MPS6_MPC1_4,6m; GS3_MPC3_6,2m; MPS6_SPC1_7m, T8_TC2_8m 

-PH dataset foundation layer: T8_TB1_4,9m; MPS6_MPB2_2,7m; PZ2_10m 

-wc dataset fluvial layer: GS3_MPB2_2,2m. 

-PH dataset aquifer layer: PZ1_17m. 

In Table 14 the overall performance of the VGM on the whole investigated time period (2018 year) has 

been presented using the new set of observation points. As could be observed, the VGM has an excellent 

performance in the simulation of the pwp distribution in time, with values of the metrics in all cases very 

close to the best fit. This suggests that the initial dataset of the hydraulic parameters, obtained as average 

values of the laboratory parameters, is well representative of the in situ soil properties. We can expect that 

the calibration process is not going to enhance greatly the performance of the simulation in terms of 

pressure head, while huge room for improvement is possible for the simulation in terms of wc. In fact the 

chosen metrics suggest a poor performance of the simulation in terms of water content distribution in the 

investigated section, with values of the indices in most of the cases below acceptability. 

In some cases it is interesting to focus the attention on the performance of the single sensors in order to 

individuate possible localized problems such as inaccurate description of the phenomena in certain layers 

or zones of the domain. In Table 15 a set of metrics is applied to single observation points located in the 

embankment layer, half of them are sensors monitoring the pwp, the other half sensors monitoring the wc. 
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For what concerns the PH sensors, the simulation shows a good performance for almost all the considered 

observation points, in agreement with what has been found in Table 14. An exception is the observation 

point MPS6-MPC1-4,6m that shows values of the efficiency metrics less than zero. It is commonly known 

that values of efficiency metrics below 0 are undesirable since they imply that the mean of the observed 

system output is a better predictor then the model itself. In Figure 17, it is possible to observe that the 

simulated trend of MPS6-MPC1-4,6m shows a higher responsivity to hydraulic stimuli with respect to the 

observed trend. The simulation of the behaviour of the observation points (type wc) is poor as highlighted 

previously in Table 15. Here as well, the values of the efficiency metrics are close to 0 or below zero, while 

the values of the accuracy metrics are close to the best fit because in the same unit of measurement of the 

wc dataset (values between 0 and 1). It is interesting to stress that the coefficient of determination R2   

shows values close to the best fit (1) for the wc observation points. Several reason could lead to an 

overestimation of the coefficient of determination as a problem of model overfitting (model is too complex 

to be described by the dataset of observations) (Babyak, 2004). It is important to remember that R2 is 

always a biased estimator (it is systematically too high or low) and for this reason, it is recommended the 

use of this index together with others. 

VGM 
 BEST FIT PH dataset  BEST FIT wc dataset 

MBE 0 -0,279 MBE 0 -0,013 

MAE 0 0,528 MAE 0 0,047 

RMSE 0 0,770 RMSE 0 0,053 

R2 1 0,954 R2 1 0,244 

NSE 1 0,939 NSE 1 0,150 

IA 1 0,986 IA 1 0,653 

NSErel 1 0,782 NSErel 1 0,250 

IArel 1 0,949 IArel 1 0,693 

L!Ω 1 0,893 L!Ω 1 0,503 

NSEj 1 0,785 NSEj 1 0,007 

IAj 1 0,894 IAj 1 0,430 
Table 14: Set of metrics applied to the direct simulation that uses the VGM. The performance of the simulation is investigated in 

terms of pressure head and water content. 

VGM BEST  
FIT 

MPS6 
MPC1 
4,6m 

(Emb_PH)  

MPS6 
MPC3 
6,2 m 

(Emb_PH) 

MPS6 
SPC1 
7,0 m 

(Emb_PH) 

T8 
TC2 

8,0 m 
(Emb_PH) 

GS3 
MPC1 
2,4 m 

(Emb_wc) 

GS3 
MPC1 
4,5 m 

(Emb_wc) 

GS3 
MPC3 
6,4 m 

(Emb_wc) 

GS3 
SPC2 
7,1 m 

(Emb_wc) 

MBE 0 0,353 0,248 -0,107 -0,448 0,001 -0,039 -0,044 -0,063 

MAE 0 0,363 0,313 0,194 0,448 0,012 0,039 0,044 0,063 

RMSE 0 0,396 0,358 0,234 0,507 0,014 0,039 0,044 0,064 

R
2
 1 0,060 0,650 0,853 0,735 0,878 0,804 0,810 0,867 

NSE 1 -358,52 0,305 0,792 -0,475 -136,92 -1030 -4,742 -3,908 

IA 1 0,066 0,817 0,941 0,740 0,256 0,056 0,509 0,529 

NSErel 1 -360,03 0,086 0,682 -3,015 -136,06 -1029 -4,998 -4,209 

IArel 1 0,062 0,759 0,909 0,291 0,2606 0,057 0,487 0,500 

L!Ω 1 -9,433 0,579 0,771 0,335 -5,270 -18,587 -0,382 -0,305 

NSEj 1 -19,866 0,159 0,543 -0,329 -11,53 -38,17 -1,764 -1,609 

IAj 1 0,044 0,602 0,761 0,438 0,134 0,025 0,266 0,277 
Table 15: Set of metrics applied to the VGM simulation to investigate the performance of the single sensor located in the 

embankment layer. 

In the previous analysis (chapter §6_1), the attention has been focused mainly on the performance of the 

direct simulations during the whole 2018 period, but, at this stage, it is interesting to study the behaviour 
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of the direct simulation (VGM) over more restricted periods f.e. the major flood events (for river water 

height and persistence in time). It must indeed be kept in mind that the final goal is the elaboration of a 

reliable pwp distribution map during the most critical time instants of the simulation, for future possible 

stability analysis. 

For this reason, instead of considering the performance of the investigated observation points on the whole 

2018 period, the time axis is divided in 12 periods of ΨΩflood peakΩΩ ŀƴŘ мн ǇŜǊƛƻŘǎ ƻŦ ΨΩƻŦŦ-ǇŜŀƪΩΩΦ нр Ƴ ŀΦǎΦƭ 

is considered the reference river water level to individuate the major flood periods. The individuated ΨΩpeak 

periodsΩΩ are indicated with capital letters from A to N, while the ΨΩoff-peak periodsΩΩ with letters from Ψ!Ω ǘƻ 

hΩ όǎŜŜ Figure 20). In Table 16 the initial and final temporal instants of each ΨΩpeak-periodsΩΩ and ΨΩoff-peak 

periodsΩΩ are presented in detail (the temporal scale in minutes is based on the investigated 2018 period 

from the 12th November 2017 which is the zero instant, to the 23rd June 2018, the last temporal instant). 

The chosen observation points are located in the berm and in the embankment. Half of the observation 

points are associated to pore pressure readings and the other half to water content readings. Sensors 

installed in the foundation and in the subsoil layers have not been considered in order to focus the 

attention on the most interesting layers for the purposes of the present work. The chosen observation 

points are the following: 

¶ For the fluvial (berm) and foundation layers: MPB2_2,2m (wc sensor); T8_TB1_4,9m (PH sensor) 

have been chosen. 

¶ For the embankment layer: MPS6_MPC1_4,6m (PH sensor); MPS6_MPC3_6,2m (PH sensor); 

MPS6_SPC1_7m (PH sensor); SPC2_7,1m (wc sensor); MPC1_2,4m (wc sensor); MPC1_4,5m (wc 

sensor) have been chosen. 

The chosen set of metrics is restricted to two accuracy indices (RMSE, R2), ǘǿƻ ŜŦŦƛŎƛŜƴŎȅ ƛƴŘƛŎŜǎ όb{9Σ L!Ωύ 

and a statistical significance criteria (p-value), because, as seen in chapter §4, together they are able to give 

a good and reliable quantification of a simulation performance. The use of a greater number of metrics is 

not recommended when dealing with multiple time intervals because the modeller could be lost in the 

huge quantity of information, not drawing any conclusion. 

As could be observed in Table 17, the investigated model is able to reproduce with high accuracy the 

pressure head dataset both in the ΨΩpeak periodsΩΩ and in the ΨΩoff-peak periodsΩΩ. The most relevant 

flooding events (floods C, G, H) are very well simulated by the VGM with a coefficient of determination 

around 0,85 for flood C and 0,98 for G and H, while the p-values highlight that the simulated and observed 

datasets belong to the same family and are not statistically different (the majority of the p-values is above 

the significance level of 5%).  

The values of the set of metrics suggest a poorer performance of the model using the wc dataset, with R2 

values below 0,5 (unacceptable performance) and efficiency criteria between -0,1 and 0,6 for both the time 

periods (peak and off-peak periods). The investigated VGM during the ΨΩƻŦŦ-ǇŜŀƪΩΩ ǇŜǊƛƻŘǎ ǎƘƻǿǎ ǘƘŜ ǿƻǊǎǘ 

performance, far below the acceptance threshold. All this aspects have to be considered in the calibration 

phase in order to focus the attention on the most relevant problems detected in the investigated 

simulations, always keeping in mind the main goals of the simulation. 
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Figure 20: Graphical indication of the considered flood peak periods and off-flood peak periods. 

PEAK From 
(min) 

To 
(min) 

From 
(day) 

To  
(day) 

OFF-
PEAK 

From 
(min) 

To 
(min) 

From 
(day) 

To  
(day) 

A 3090 4470 14/11/17 15/11/2017 AΩ 4471 21419 15/11/17 26/11/17 

B 21420 22260 26/11/17 27/11/17 BΩ 22261 39029 27/11/17 9/12/17 

C 39030 55920 9/12/17 20/12/17 CΩ 55921 66479 20/12/17 28/12/17 

D 66480 70260 28/12/17 30/12/17 DΩ 70259 119099 30/12/17 02/02/18 

E 119100 123450 02/02/18 05/02/18 EΩ 123451 148679 05/02/18 23/02/18 

F 148680 153360 23/02/18 26/02/18 FΩ 153361 164399 26/02/18 06/03/18 

G 164400 195450 06/03/18 27/03/18 GΩ 195451 197969 27/03/18 29/03/18 

H 197970 238140 29/03/18 26/04/18 HΩ 238141 247589 26/04/18 02/05/18 

I 247590 265230 02/05/18 15/05/18 IΩ 265231 275999 15/05/18 22/05/18 

L 276000 278880 22/05/18 24/05/18 LΩ 278881 300029 24/05/18 08/06/18 

M 300030 301980 08/06/18 09/06/18 MΩ 301981 309359 09/06/18 14/06/18 

N 309360 310890 14/06/18 15/06/18 NΩ 310891 324040 15/06/18 23/06/18 
Table 16: Table with temporal indication of the flood peak periods and off-flood peak periods in terms of minutes (from the zero 
instant, 12th November 2017) and days. 
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Pressure Head dataset 

 A B C D E F G H I L M N 

RMSE 1,458 1,162 1,283 0,682 0,476 0,664 0,569 0,422 0,896 0,761 0,963 0,900 

R2 0,950 0,957 0,856 0,990 0,980 0,885 0,974 0,991 0,986 0,927 0,909 0,919 

L!Ω -0,109 0,271 0,890 0,837 0,827 0,794 0,920 0,898 0,709 0,648 0,535 0,547 

NSE -6,01 -2,811 0,855 0,826 0,890 0,814 0,965 0,957 0,613 0,515 0,181 0,297 

p_value 0,008 0,138 0,810 0,397 0,770 0,362 0,311 0,539 0,045 0,863 0,563 0,000 

 AΩ BΩ CΩ DΩ EΩ FΩ GΩ HΩ IΩ LΩ MΩ NΩ 

RMSE 1,168 1,039 0,552 0,508 0,489 0,439 0,360 0,953 0,668 0,764 0,709 0,843 

R2 0,946 0,954 0,992 0,982 0,968 0,992 0,990 0,814 0,944 0,926 0,935 0,871 

L!Ω 0,137 0,308 0,878 0,810 0,820 0,845 0,909 0,635 0,686 0,632 0,671 0,531 

NSE -3,506 -2,311 0,910 0,853 0,884 0,912 0,962 0,226 0,653 0,518 0,639 0,318 

p_value 0,000 0,000 0,240 0,366 0,419 0,255 0,932 0,211 0,838 0,372 0,800 0,456 

Water content dataset 

 A B C D E F G H I L M N 

RMSE 0,054 0,052 0,051 0,051 0,059 0,058 0,053 0,054 0,056 0,055 0,055 0,055 

R2 0,064 0,040 0,174 0,381 0,168 0,198 0,439 0,404 0,306 0,299 0,285 0,286 

L!Ω 0,421 0,426 0,486 0,563 0,547 0,552 0,670 0,619 0,531 0,528 0,522 0,522 

NSE -0,096 -0,085 0,119 0,315 0,134 0,174 0,434 0,363 0,231 0,239 0,237 0,237 

p_value 0,211 0,367 0,036 0,275 0,474 0,529 0,411 0,974 0,708 0,826 0,998 0,000 

 AΩ BΩ CΩ DΩ EΩ FΩ GΩ HΩ IΩ LΩ MΩ NΩ 

RMSE 0,053 0,052 0,051 0,056 0,057 0,057 0,050 0,057 0,055 0,055 0,055 0,055 

R2 0,052 0,035 0,411 0,210 0,196 0,210 0,508 0,305 0,305 0,293 0,291 0,288 

L!Ω 0,424 0,431 0,564 0,543 0,554 0,553 0,683 0,535 0,528 0,523 0,524 0,526 

NSE -0,086 -0,080 0,328 0,177 0,167 0,191 0,487 0,210 0,240 0,236 0,244 0,245 

p_value 0,000 0,000 0,149 0,000 0,179 0,640 0,843 0,493 0,634 0,740 0,992 0,884 

 

 PEAK_PH dataset OFF-PEAK PH dataset PEAK_wc dataset OFF_PEAK_wc dataset 

RMSE 0,7008 0,7466 0,0542 0,0552 

R2 0,9324 0,8728 0,3596 0,2218 

L!Ω 0,8795 0,7311 0,6170 0,5341 

NSE 0,9177 0,6523 0,3416 0,1817 

p_value 0,7911 0,000013 0,5280 0,00000055 
Table 17: Values of the set of metrics used to quantify the performance of the VGM in the different time periods (ΨΩpeak periodsΩΩ 
and ΨΩoff-peak periodsΩΩ) using two different datasets (wc and PH dataset). The last group of metrics considers together all the 
peak periods (1st and 3rd columns) and all the off-peak periods (2nd and 4th columns) in order to give an overall indication of the 
performance of the model. 

6_3 THE RELATION BETWEEN MODEL EVALUATION - MEASUREMENT ERRORS AND 

OTHER SOURCES OF UNCERTAINTIES 

When dealing with model performance evaluation using observed data as in this case study, it is always 

important to keep in mind the existence of measurement errors that could partly undermine our 

evaluation. Measurements errors could assume different shape: 

-Sensibility of the instruments to external and internal factors: in our case, GS3 sensors readings are 

sensible to temperature and bulk electrical conductivity while the dielectric water potential sensors (MPS6) 

and tensiometer T8 to temperature. These influences could not be avoided even with an optimal 

calibration. 
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-The error of the instruments recording the in situ measurements (water content and water potential). GS3 

has an accuracy of +/- 0,03 m3/m3 while in our study, the variation between observed and simulated data is 

greater that this accuracy error (see Table 13, accuracy metrics for a wc dataset). For what concerns MPS6, 

the intrinsic accuracy of the instrument is pretty low, +/- 10% of the reading +2 kPa in the range from -9 to -

100 kPa. This means for a reading of -100 kPa an estimated error between +12 kPa and -8 kPa which means 

+1,22 m and -0,81 m of water column height. T8 tensiometer has an accuracy significantly greater: +/-0,5 

kPa (0,05 m of water column height) in the range -85 / +100 kPa. If we consider separately sensors T8-TB1-

4,9 m (berm), MPS6-MPC1-4,6m (embankment), MPS6-SPC1-7m (embankment), the values of the 

statistical metrics are the following (Table 18) using the VGM: 

 BEST FIT T8_TB1 (m) MPS6_MPC1_4,6m (m) MPS6_SPC1_7m (m) 

MBE 0 -0,87 0,35 -0,11 

MAE 0 0,87 0,35 0,11 

RMSE 0 1,22 0,40 0,23 

R2 1 0,98 1,00 1,00 

NSE 1 0,96 1,00 1,00 

IA 1 0,99 1,00 1,00 

NSErel 1 -11,59 0,99 0,96 

IArel 1 -2,76 1,00 0,99 

NSEj 1 0,82 0,96 0,98 

IAj 1 0,90 0,98 0,99 
Table 18: Set of metrics used to investigate the performance of the VGM in the observation points T8_TB1; MCP1_4,6m and 
SPC1_7m. 

Observation point T8-TB1 shows the greatest error both in accuracy and efficiency metrics but, according to 

what we have just exposed, T8-TB1 has also an higher nominal accuracy compared to MPS6. However it has 

to be considered that it was not installed during the INFRASAFE project but some time before by AIPO; for 

this reason the goodness of the installation was not verified and a lower reliability of the acquired data 

could not be excluded. ¢Ƙƛǎ ƭŀǘǘŜǊ Ŧŀƭƭǎ ƛƴ ΨΩƻǘƘŜǊ ǎƻǳǊŎŜǎ ƻŦ ǳƴŎŜǊǘŀƛƴǘƛŜǎΩΩ, different from measurement 

errors. It is likely that even with an excellent calibration, the scatter between observed-simulated data 

remains high for the sensor T8_TB1 because observed data could be affected by intrinsic errors. 

-Error correlated to the indirect method of measuring water content using the Capacitance Domain 

Reflectometry (CDR) as for GS3 sensor by Decagon Device. 

-Instrument calibration is often obtained for just a portion of the SWRC, usually the wetter part, while the 

calibration of the dry part is usually problematic due to the difficulties in comparing instrument response 

with independent and accurate water potential/water content measurements. Good accuracy of 

instrument measurements in this narrow range is often theoretically achievable but not demonstrated for 

the whole range of soils. This is another important aspect to consider in errors estimation. 

The following list falls into ΨΩother sources of uncertaintiesΩΩ, different from measurement errors. 

-Outliers in the observed dataset have a higher incidence on the evaluation of a model performance. For 

this reason, it is extremely important to minimize their number. If the number of observed data is too high 

to perform a manual screening, weighting techniques to optimize input data or probability based 

distributions (i.e. Monte Carlo simulation or Bayesian analysis framework) have to be used to deal with 

random or systematic errors (Phogat, 2016).  
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-Another possible source of scattering between observed and simulated dataset is the exact physical 

location of the instruments, since small changes in the depth could cause relatively large changes in water 

content and pore pressure values in time (Verbist et al, 2009). In the present case study, the sensors 

positioned in the boreholes have the accuracy of the centimetre and a displacement of a couple of 

centimeters is possible. 

-An inaccurate representation of the initial conditions in terms of water content or suction distribution 

could be cause of the variability between modelled and observed data especially in the first time period of 

the simulation (as for GS3 SPC2 7,1 m and GS3 MPB2 2,2 m dataset in Figure 17).  

-The natural variability intrinsic in the observation data to which the performance of the model is compared 

as soil heterogeneity that causes a dispersion of the hydraulic properties. 

-Simplified assumptions made for lack of precise experimental data that cause an inaccurate description of 

physical phenomena. 

For example, in Figure 21 various accuracy errors (MBE, MAE and RMSE), the coefficient of determination 

R2 and the efficiency metrics (IA, KGE) are presented for the water content and pressure head datasets at 

different soil depths (from the most superficial observation point at the top, to the deepest at the bottom 

of the graph). It is possible to observe that the major bias is detected in the first 1,5 m of soil due to 

assumed modelling simplifications such as: 

¶ The assumption of a constant atmospheric boundary flux during the whole day time neglecting the 

fluctuation in the evapo-transpiration contribution between day and night due to lack of 

experimental data.  

¶ The weather station that provides meteorological data to compute the in-flow and out-flow from 

the atmospheric boundary is not positioned in the monitored section but in Cortile da Carpi (Lat. 

44.778387, Lon. 10.971285), 7 km away from the investigated section, as reported in chapter §5.  

¶ Other simplifications have been adopted for the estimation of the evaporation coefficient (Ke) and 

of the transpiration coefficient (Kcb) to compute ETc, the actual crop evapotranspiration, because no 

proper information on the vegetative coverage of the investigated embankment are available.  

For what concerns the pressure head dataset in the embankment below 1,5m, the coefficient of 

determination R2 shows values always above 0,6 (best fit 1) and the accuracy errors (MBE, MAE, RMSE) 

decrease considerably up to 7m of depth. The accuracy metric IA follows the same trend of the accuracy 

metrics while KGE shows a decrement below 6,2m of depth. For what concerns the water content dataset, 

the observation points located in the embankment layer show an increase in the accuracy errors (MBE, 

MAE, RMSE) with depth (for the sensors below 1,5m), while R2 does not have a clear trend but it is set to 

values always higher than 0,7. For what concerns the efficiency metrics IA and KGE, they show a decrease 

up to 4,5m of depth then a rapid increase (best fit value 1). 

In the berm (fluvial layer), the values of the metrics suggest an higher discrepancy between observed and 

simulated datasets but with a coefficient of determination always greater than 0,5 (the value typically 

considered acceptable) with the exception of MPS6-MPB2-2,7m (R2 of 0,38).  
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Figure 21: Values of the accuracy metrics (ME, MAE, RMSE, R2) and the efficiency metrics (IA, KGE) with depth in the observation 
points located in the embankment layer and in the berm (fluvial layer). The shallower sensor is on the top of each graph and the 
deeper one at the bottom. The chosen hydraulic model is the VGM. 

6_4 PRELIMINARY CONCLUSIONS AND FURTHER STUDIES 

The behaviour of the four considered hydraulic models (HVGM, VGM, VGM-2cm, HVGM-2cm) has been 

investigated in n°7 observation points belonging to different layers (embankment, fluvial, foundation, 

aquifer) using a PH, a wc dataset and a mixed dataset (PH+wc). The four performed direct simulations do 

not differ in any aspect (initial conditions, boundary conditions, mesh discretization etc) in order to be fully 

and easily compared. The comparison between the four different hydraulic models reveals if it is 

convenient to use a HVGM/HVGM-2cm model (10 parameters) instead of a VGM/VGM-2cm (6 parameters) 

for the investigated geotechnical problem. In fact the use of a more complex model requires the calibration 

of a higher number of parameters, longer calculation time and greater convergence problems, for this 

reason the choice has to be made on the basis of objective information. 
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Initially a qualitative procedure has been applied: the observed-simulated datasets have been represented 

on the same graph in order to visualize the dispersion from the 45° line (1:1) (see Figure 17 and Figure 18). 

Subsequently a set of metrics/indices has been used in order to quantify the performance of the model in a 

more objective way. 

Using the qualitative methodology, it has been observed that VGM, HVGM, VGM-2cm show almost the 

same behaviour in the investigated observation points while VGM-2cm has a different trend. The 

considered models represent well the behaviour of the observation points (PH dataset) in the foundation 

and embankment layers and relatively well the behaviour in the embankment and fluvial layers (wc 

dataset). Comparing observed-simulated datasets for all the considered hydraulic models, it is possible to 

observe that the embankment is always less responsive to external stimuli with respect to models 

simulation. VGM and HVGM have the same response in the embankment layer but quite different in the 

berm. This is due to the fact that the duration of a flood event affects greatly the hysteretic behaviour of an 

embankment. If the permeability of the embankment is too small compared to the flood duration, the 

saturated front has not enough time to propagate deeply in the bank body and the resulting pore water 

pressure changes are small. The berm is the area which is primarily interested by the hydraulic stimuli and 

where the hydraulic stimuli are more persistent in time, for this reason the greater differences between the 

VGM and HVGM are observed in this area and in correspondence of the major floods events (for the 

hydrometric level reached and the persistence in time). It is relevant to consider these variations because 

the FOS (Factor of Safety) elaborated from proper stability analysis using as initial conditions the elaborated 

distributions of wc and pwp could result overestimated using a non-hysteretic behaviour as found by Liu et 

al (2015). The qualitative methodology to compare different hydraulic models, if in one hand results easier 

and quicker in order to have a general idea of the models performance, in the other it does not allow to 

elaborate a reliable and objective opinion, free from the personal judgement of the modeller. 

Metrics/indices could be used to evaluate the performance of the model/s on the single periods (on the 

single flood/off -flood periods), on the single observation point (local evaluation of the model performance) 

or globally on the whole domain (using the whole set of available observation points). The used metrics are 

the ones introduced in chapter 2_7_2 and tested in chapter 5 with similar datasets in order to individuate 

pros, cons and potential limits in their application. To this group of metrics, model selection criteria (AIC, 

BIC, HQC) have been added because extremely suitable for a probabilistic selection of the best model 

among many and because they are able to take into consideration the different complexity of each model. 

It has been observed that VGM and HVGM are the best models to simulate the 2018 period and HVGM is 

able to reproduce better the behaviour during the major flooding events. The following analysis 

concentrate the attention on the VGM which is the simpler hydraulic model used and whose performance 

has proven to be good. In this case to evaluate the model performance a greater number of observation 

points has been used as input data. As observed also in the previous analysis, the VGM gives an excellent 

performance in the simulation of the pwp distribution in time (values of the considered metrics close to the 

best fit) while an insufficient performance is observed for a wc dataset (below acceptability values). This tell 

us that the calibration is not going to enhance greatly the performance of the simulation in terms of 

pressure head, while greater room for improvements is possible for the simulation of the water content 

distribution. Subsequently the behaviour of the VGM has been investigated on the single period (flood/off-

flood periods) by means of a restricted number of metrics/index in order to avoid a counter-productive 

number of data to be processed by the modeller. It is relevant to investigate the behaviour of the model 

expecially in the most relevant flood events of the 2018 period in view of possible future stability analyses. 

Even in this case the flood periods are well simulated compared to a PH dataset of observation points while 
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an insufficient performance is observed compared to a wc dataset. Chapter 6_3 focuses on the 

measurements errors that could partly influence the model evaluation. Among the most relevant ones, the 

sensitivity of the instruments to external/internal factors (as temperature, bulk electrical conductivity..), 

unfortunately those types of disturbance could not be avoided. Another important aspect to consider when 

dealing with data acquisition from installed instrumentations is the accuracy of thesensors for example GS3 

has an high accuracy of +/- 0,03 m3/m3; T8 of +/-0,05m (in the range -85/+100 kPa) and MPS6 of -

0,8/+1,22m (low degree of accuracy). Other sources of measurement errors stay in the laboratory 

technique to obtain the calibration curves of the instruments (f.e. the intrinsic difficulty in the experimental 

obtainment of the drying branch of the SWRC curve) and in the indirect method of measuring some 

properties/physical quantities (f.e. the wc is determined using the CDR technique for the sensor GS3). 

Other sources of uncertainties could be error in the vertical positioning of the sensors inside a borehole, 

soil local heterogeneity that causes a dispersion of the hydraulic parameters, the adoption of simplified 

assumption to describe physical phenomena (f.e evapo-transpiration phenomena) due to the lack of 

experimental proper data. When dealing with model performance evaluation using an observed dataset it 

is always suggested to understand the entity of the uncertainties with which the modeller is dealing in 

order to require to the parameters calibration process the reasonable degree of precision/accuracy.  

The following chapter 7 focuses on the indirect simulations (inverse analysis) performed on the 2018 period 

in order to individuate the best set of optimized parameters. Indirect simulations have been carried out 

using different hydraulic models, different datasets of observation points, different weighting distributions, 

different set of initial parameters. A methodological approach in three phases has been applied in order to 

individuate the best set of optimized parameters. Indices/metrics/statistical parameters have been used for 

this purpose.  

7 THE CALIBRATION PROGRAMME PERFORMED 

In the present chapter, the performed calibration programme carried out on the direct simulations (HVGM, 

VGM, HVGM-2cm, VGM-2cm) of the 2018 year is presented in great detail.  

The programme is composed of different ΨΩgroups of inverse analysisΩΩ to be performed, which are 

identified in Table 21 with the identification codes 1_1_xx with xx varying from 1 to 66. 

As could be observed in Table 19, in each ΨΩgroup of inverse analysisΩΩ (denoted by the identification code 

1_1_xx) 13 simulations are performed for the VGM and VGM-2cm while 18 simulations for the HVGM and 

HVGM-2cm. This is due to the fact that the VGM and VGM-2cm have a lower number of hydraulic 

parameters to optimize (lack of the hydraulic parameters that describe the wetting curve). 

Each group of inverse analysis optimizes parameters of a different layer of the model (foundation, fluvial, 

embankment or aquifer) or of group of layers (embankment+fluvial; embankment+foundation; 

embankment+foundation+fluvial) (see Table 21). 

The indirect simulations in each group of inverse analysis optimize one single parameter up to 5 parameters 

at a time when the goal is the optimization of a single layer (see Table 19). When a group of inverse analysis 

optimizes the hydraulic parameters of two or more layers, the indirect simulations tries to optimize from 2 
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to 15 hydraulic parameters (15 is the maximum number of parameters that could be optimized together in 

the Hydrus code). 

 HVGM   ς   HVGM-2cm VGM   -   VGM-2cm 

 ʻǊ ʻǎ  h n Ks m̒ s̒w wh ksw r̒ S̒  h n Ks 

1     X         X 

2    X         X  

3  X X         X   

4 X          X    

5    X X     X     

6   X  X       X  X 

7  X   X      X   X 

8 X    X     X    X 

9  X X  X      X X  X 

10 X   X X     X   X X 

11  X  X X      X  X X 

12  X X X       X X X  

13 X X X X X     X X X X X 

14      X     

15       X   

16        X  

17         X 

18      X X X X 
Table 19: The table represents the optimized parameters in each indirect simulation belonging to a group of inverse analysis 
(denoted by the identification code 1_1_xx). Each group of inverse analysis is composed of 18 indirect simulations (numbered 
from 1 to 18 in the first column) for the HVGM and HVGM-2cm, of 13 indirect simulations for the VGM and VGM-2cm (because 
the hydraulic parameters of the wetting curve are not to be optimized). 

Each group of inverse analysis has different input dataset to perform the inverse modelling: pressure head 

data or/and water content data of the sensors installed in the layer/s whose parameters are optimized (see 

Table 21). In Table 20, the sensors used for the inverse modelling are listed. When the inverse analysis is 

performed on a group of layers, the observation dataset for the indirect problem is composed of pressure 

head or/and water content data of the available instruments belonging to the group of layers considered. 

In other words, if the group of inverse analysis optimizes the hydraulic parameters of the embankment 

layer using a water content dataset, only the observation points/sensors monitoring the water content in 

the investigated layer are used in the inverse analysis. If the group of inverse analysis optimized the 

hydraulic parameters of two layers (f.e. embankment and fluvial) using a pressure head (PH) dataset only 

the sensors that records pwp installed in the two investigated layers are used in the indirect problem. This 

concept is clearly visible in column 8 of Table 21 where the groups of inverse analysis performed in the 

present calibration programme are listed reporting information about type of dataset used, sensors used in 

the dataset of observation points, weighting distributions, hydraulic model adopted, layer/s whose 

parameters are optimized. 

The comparison of the performance of indirect simulations belonging to different groups of inverse analysis 

(as the one performed in the first phase of the calibration) is carried out considering the whole set of 

observation points (all the available sensors) and not only the restricted number of sensors used in the 

inverse analysis. This assures a comparison of the indirect simulations under the same conditions. 
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DATASET IN PRESSURE HEAD (m) - 
EMBANKMENT 

DATASET IN WATER CONTENT (%) ς 
EMBANKMENT 

T8-TC2-8,0m GS3-SPC2-7,1m 

MPS6-MPC1-4,6m GS3-MPC1-4,5m 

MPS6-SPC1-7m GS3-MPC1-2,4m 

MPS6-MPC3-6,2m GS3-MPC3-6,4m 

MPC1-3,05m  

DATASET IN PRESSURE HEAD (m) -
FOUNDATION 

DATASET IN WATER CONTENT (%) ς 
FLUVIAL 

T8-TB1-4,9m GS3-MPB2-2,2m 

PZ1-10m 
DATASET IN PRESSURE HEAD (m) ς 

AQUIFER 

MPS6-MPB2-2,7m PZ2-17m 
Table 20: Sensors used to perform the inverse modelling subdivided for type of measure (wc or PH) and layer. 

A simplified example is provided below in order to clarify how the calibration programme has been 

conceived and carried out. Assuming to have: 

- two layers (A,B) whose hydraulic behaviour is described by 2 parameters each: A (a,b) and B (c,d), 

-a unique weighting distribution (w=1); 

-two types of datasets of observation points (X and Y); 

All the groups of inverse analysis that are performed according to the calibration programme adopted are 

presented in Figure 22. 6 groups of inverse analysis: 4 groups optimizing a single layer (A or B) and 2 

optimizing both the layers (A+B), what changes is the dataset of the observation points (X or Y) because the 

weighting distribution is unique in this example. In Figure 22 for each group of inverse analysis, possible 

indirect simulations are reported. 

 

Figure 22: Example of the groups of inverse analysis that ARE performed according to the calibration programme adopted. In this 
example we assume to have 2 layers whose parameters have to be optimized, a single weighting distribution (w=1) and two 
types of dataset of observation points (X and Y). 
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The instruments installed in the first 1,5m from the soil surface have not been included in the inverse 

analysis due to the high influence of the evapo-transpiration contribution that has been evaluated with a 

low level of accuracy (no in situ weather station, no information to estimate precisely the crop coefficient 

of the riparian vegetation and the evaporation coefficient Ke, no hourly computation of the 

evapotranspiration contribution but only daily computation). This topic has been addressed with due care 

in the previous chapter §6_3. The sensors that have not been included in the indirect modelling are the 

following: GS3-MPB1-0,7m (wc), GS3-MPC3-1,4m (wc), MPS6-MPB1-0,9m (PH), SM150T-MPC2-1,5m (PH) 

and MPS6-SPB1-1,2m (PH). 

The observation data used in the inverse modelling have been associated to different weights:  

-a weight equal to 1 for the whole observation dataset (the same relevance is assumed for the whole set of 

observation points). 

-a weight associated to input data according to the Triangular Moving Average Technique (TMAT).  

-a more complete casuistry on the attribution of weights to the input data on the basis of the type of the 

instrument (reliability and quality of the readings), of the position of the instrument in the bank, of the 

temporal instant of the observation data (pre, ongoing, after flood, no flood) will be presented separately 

and extensively in chapter §7_7. The different weighting procedures have been applied to a reduced group 

of indirect simulations. 

The Triangular Moving Average Technique (TMAT) was born for the financial market. It is a simple moving 

average that is averaged again (averaged twice) so it is double smoother. It is not a responsive type of 

moving average (the reaction to a sudden change in the dataset is not very fast). TMAT is formally defined 

ǘƘŜ ǿŜƛƎƘǘŜŘ ŀǾŜǊŀƎŜ ƻŦ ǘƘŜ ƭŀǎǘ ΨΩƴΩΩ ǾŀƭǳŜǎ ŀƴŘ ƻŦ ǘƘŜ ŦǳǘǳǊŜ ΨΩƳΩΩ ǾŀƭǳŜǎ ƻŦ ŀ ŘŀǘŀǎŜǘ (xi with i=1..n+m), 

and it could be computed as follows [see equations 129 and 130]: 

SMA=single moving average= (x1+ x2ҌΧΦҌȄn+m)/(n+m)                                                                        [equation 129] 

TMA= (SMA1+SMA2ҌΧΦΦ{a!n+m)/(n+m)                                                                                                 [equation 130] 

In the TMAT, the majority of the weights is given to the middle portion of the data of the look-back/look-

ahead period and the weight decreases moving away from the middle as in a triangle, hence the name. In 

our case, the look-back period is one week and the look-ahead period is one week, so in total the period to 

which the TMA is referred to is two weeks. The max weight is given to the peak value of the instrument (i.e. 

during a flood event), and the rest of the data is scaled from this value using the TMAT.  

The TMAT has been chosen because it allows to give sufficient weight also to the data belonging to the 

initial phase and post peak phase of a flood event because they are relevant for the closeness to the peak. 

These two temporal instants are particularly interesting especially from the point of view of future stability 

analysis. In fact a sudden high water level is potentially dangerous for medium-coarse grained banks and 

for this reason great accuracy must be dedicated to represent the pore pressure distribution in the first 

days of the flood, while a persistent medium/high water level is potentially dangerous for fine grained 

banks and for this reason the ΨΩoff-peakΩΩ of the flood (last days of the flood) must be well defined in terms 

of pressure head distribution. As could be observed in Table 21, the parameters to be optimized have been 

constrained (setting the range in which the parameter could vary) just in the simulations groups 1_1_1 and 

1_1_2 due to the fact that the optimized parameters have always assumed possible values. In none of the 
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other performed groups of inverse analysis a constrain was necessary. For this reason, the present case 

study could not be used to investigate the effects of constrained and unconstrained optimized parameters.  

Concluding, the different characteristics of the indirect simulations carried out in the performed calibration 

programme are summed in Figure 23 for sake of clarity. 

 

Figure 23: Summary of the different characteristics of the indirect simulations carried out in the performed calibration 
programme. 
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Table 21: Summary of the characteristics of each group of inverse simulations (numbered from 1_1_1 to 1_1_66 in the first 

column) in terms of hydraulic model adopted (VGM, HVGM, VGM-2cm, HVGM-2cm), type of observation dataset (wc and/or 

INVERSE 

ANALYSIS 

GROUP

HYDRAULIC 

MODEL

CONSTRAINED 

PARAMETER/S

UNCOSTRAINED 

PARAMETER/S

INPUT DATA: 

PRESSURE 

HEAD

INPUT DATA: 

wc

LAYER/S TO WHICH 

OPTIMIZED 

PARAMETERS BELONG

LAYER/S TO WHICH 

INPUT DATA BELONG

WEIGHTS OF THE 

OBSERVED 

DATA=1

WEIGHTS OF 

THE OBSERVED 

DATA=TMA

1_1_1 HVGM X X EMBANKMENT EMBANKMENT X

1_1_2 HVGM X X EMBANKMENT EMBANKMENT X

1_1_3 HVGM X X EMBANKMENT EMBANKMENT X

1_1_4 HVGM X X EMBANKMENT EMBANKMENT X

1_1_5 VGM X X EMBANKMENT EMBANKMENT X

1_1_6 VGM X X EMBANKMENT EMBANKMENT X

1_1_7 HVGM X X FLUVIAL FLUVIAL X

1_1_8 VGM X X FLUVIAL FLUVIAL X

1_1_9 HVGM X X FOUNDATION FOUNDATION X

1_1_10 VGM X X FOUNDATION FOUNDATION X

1_1_11 HVGM X X EMB+FLUV EMB+FLUV X

1_1_12 VGM X X EMB+FLUV EMB+FLUV X

1_1_13 HVGM X X EMB+FOUND EMB+FOUND X

1_1_14 VGM X X EMB+FOUND EMB+FOUND X

1_1_15 HVGM X X X EMB+FOUND+FLUV EMB+FOUND+FLUV X

1_1_16 VGM X X X EMB+FOUND+FLUV EMB+FOUND+FLUV X

1_1_17 HVGM X X AQUIFER AQUIFER X

1_1_18 VGM X X AQUIFER AQUIFER X

1_1_19 HVGM-2cm X X EMBANKMENT EMBANKMENT X

1_1_20 HVGM-2cm X X EMBANKMENT EMBANKMENT X

1_1_21 VGM-2cm X X EMBANKMENT EMBANKMENT X

1_1_22 VGM-2cm X X EMBANKMENT EMBANKMENT X

1_1_23 HVGM-2cm X X FLUVIAL FLUVIAL X

1_1_24 VGM-2cm X X FLUVIAL FLUVIAL X

1_1_25 HVGM-2cm X X FOUNDATION FOUNDATION X

1_1_26 VGM-2cm X X FOUNDATION FOUNDATION X

1_1_27 HVGM-2cm X X EMB+FLUV EMB+FLUV X

1_1_28 VGM-2cm X X EMB+FLUV EMB+FLUV X

1_1_29 HVGM-2cm X X EMB+FOUND EMB+FOUND X

1_1_30 VGM-2cm X X EMB+FOUND EMB+FOUND X

1_1_31 HVGM-2cm X X X EMB+FOUND+FLUV EMB+FOUND+FLUV X

1_1_32 VGM-2cm X X X EMB+FOUND+FLUV EMB+FOUND+FLUV X

1_1_33 HVGM-2cm X X AQUIFER AQUIFER X

1_1_34 VGM-2cm X X AQUIFER AQUIFER X

1_1_35 HVGM X X EMBANKMENT EMBANKMENT X

1_1_36 HVGM X X EMBANKMENT EMBANKMENT X

1_1_37 VGM X X EMBANKMENT EMBANKMENT X

1_1_38 VGM X X EMBANKMENT EMBANKMENT X

1_1_39 HVGM X X FLUVIAL FLUVIAL X

1_1_40 VGM X X FLUVIAL FLUVIAL X

1_1_41 HVGM X X FOUNDATION FOUNDATION X

1_1_42 VGM X X FOUNDATION FOUNDATION X

1_1_43 HVGM X X EMB+FLUV EMB+FLUV X

1_1_44 VGM X X EMB+FLUV EMB+FLUV X

1_1_45 HVGM X X EMB+FOUND EMB+FOUND X

1_1_46 VGM X X EMB+FOUND EMB+FOUND X

1_1_47 HVGM X X X EMB+FOUND+FLUV EMB+FOUND+FLUV X

1_1_48 VGM X X X EMB+FOUND+FLUV EMB+FOUND+FLUV X

1_1_49 HVGM X X AQUIFER AQUIFER X

1_1_50 VGM X X AQUIFER AQUIFER X

1_1_51 HVGM-2cm X X EMBANKMENT EMBANKMENT X

1_1_52 HVGM-2cm X X EMBANKMENT EMBANKMENT X

1_1_53 VGM-2cm X X EMBANKMENT EMBANKMENT X

1_1_54 VGM-2cm X X EMBANKMENT EMBANKMENT X

1_1_55 HVGM-2cm X X FLUVIAL FLUVIAL X

1_1_56 VGM-2cm X X FLUVIAL FLUVIAL X

1_1_57 HVGM-2cm X X FOUNDATION FOUNDATION X

1_1_58 VGM-2cm X X FOUNDATION FOUNDATION X

1_1_59 HVGM-2cm X X EMB+FLUV EMB+FLUV X

1_1_60 VGM-2cm X X EMB+FLUV EMB+FLUV X

1_1_61 HVGM-2cm X X EMB+FOUND EMB+FOUND X

1_1_62 VGM-2cm X X EMB+FOUND EMB+FOUND X

1_1_63 HVGM-2cm X X X EMB+FOUND+FLUV EMB+FOUND+FLUV X

1_1_64 VGM-2cm X X X EMB+FOUND+FLUV EMB+FOUND+FLUV X

1_1_65 HVGM-2cm X X AQUIFER AQUIFER X

1_1_66 VGM-2cm X X AQUIFER AQUIFER X
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PH); layer/s to which optimized parameters belong; layer/s to which observation dataset belongs, weighting technique adopted 
for the observation dataset. 

7_1 PRELIMINARY ANALYSIS OF THE RESULTS OF THE CALIBRATION PROGRAMME 

    % OF SUCCESSFUL SIMULATIONS OPTIMIZING: 

 
HYDRAULIC 

MODEL 

n° OF INDIRECT 
SIMULATIONS 

PERFORMED FOR 
EACH LAYER 

% OF 
SUCCESSFUL  

SIMULATIONS(
1
) 

1 
PARAM.(

2
) 

2 
PARAM.(

3
) 

3 
PARAM.(

4
) 

4 
PARAM.(

5
) 

5 
PARAM.(

6
) 

EMBANKMENT 
LAYER 

HVGM 108 55 56 63 38 67 50 

VGM 52 46 55 55 25 50 50 

VGM-2cm 52 12 27 0 0 25 25 

HVGM-2cm 72 0 0 0 0 0 0 

FLUVIAL  
LAYER 

HVGM 36 29 38 30 0 0 0 

VGM 26 27 30 30 50 0 50 

VGM-2cm 26 19 30 10 0 50 0 

HVGM-2cm 36 0 0 0 0 0 0 

FOUNDATION 
LAYER 

HVGM 36 47 38 80 25 0 0 

VGM 26 69 60 80 100 50 50 

VGM-2cm 26 15 40 0 0 0 0 

HVGM-2cm 36 18 25 20 0 0 0 

AQUIFER 
LAYER 

HVGM 36 53 31 80 50 100 100 

VGM 26 92 80 100 100 100 100 

VGM-2cm 26 58 10 80 100 100 100 

HVGM-2cm 36 0 0 0 0 0 0 

EMBANKMENT 
+FLUVIAL 
LAYERS 

HVGM 36 18 25 10 25 0 0 

VGM 26 15 30 0 0 50 0 

VGM-2cm 26 4 0 10 0 0 0 

HVGM-2cm 36 0 0 0 0 0 0 

EMBANKMENT 
+FOUNDATION 

LAYERS 

HVGM 36 35 38 50 25 0 0 

VGM 26 35 60 30 0 0 0 

VGM-2cm 26 4 0 10 0 0 0 

HVGM-2cm 36 0 0 0 0 0 0 

EMBANKMENT+ 
FOUNDATION+ 

FLUVIAL 
LAYERS 

HVGM 36 21 30 10 0 0 0 

VGM 26 35 50 30 50 0 0 

VGM-2cm 26 0 0 0 0 0 0 

HVGM-2cm 36 0 0 0 0 0 0 

Total n° of 
indirect 

simulations 

 
1028 256 

 

Table 22: The table reports in the third column the number of performed simulations subdivided according to different layer (or 
group of layers) and the different hydraulic models; in the fourth column the number of successful simulation for each group, 
from the fifth to the ninth column the % of successful simulations subdivided according to the number of optimized parameters 
(1 to 5 parameters) 

(
1
) with respect to the total number of simulations performed for each layer and for each hydraulic model (reported in the 
second column). (2) with respect to the total number of performed simulations that optimize one parameter, (3) two 

parameters, (4) three parameters, (5) four parameters, (6) five parameters. 

From Table 22 the 66 groups of inverse analysis are divided as follows: 
 

- 18 groups optimize the hydraulic parameters of the embankment layer 
- 8 groups optimize the hydraulic parameters of the fluvial layer 
- 8 groups optimize the hydraulic parameters of the foundation layer 
- 8 groups optimize the hydraulic parameters of the embankment + fluvial layers 
- 8 groups optimize the hydraulic parameters of the embankment + foundation layers 
- 8 groups optimize the hydraulic parameters of the embankment + fluvial + foundation layers 
- 8 groups optimize the hydraulic parameters of aquifer layer 

 
The starting 66 groups of inverse analysis (first column of Table 21) reduce to 33 excluding the groups with 
any successful simulations (no convergent simulations). 
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In Table 22, the number of indirect simulations performed for each layer and for each hydraulic model 
(VGM, HVGM, VGM-2cm, HVGM-2cm) is presented in the first column. The reported number of simulations 
for each hydraulic model refers to the simulations that use a pressure head dataset, a water content 
dataset (or both) and the two weighting distributions (weights equal to unity and weights distributed 
according to the TMAT).  
The total number of indirect simulations performed in the calibration phase is 1028 (324 with HVGM, 208 
with VGM, 208 with VGM-2cm, 288 with HVGM-2cm), while the number of successful indirect simulation is 
256. Only the 25% of the initial set of indirect simulations achieved convergence. With high probability this 
was a consequence of the complexity of the problem considering a multi-layered domain, and a medium-
long period of simulation. 
For the embankment layer, a greater number of simulations was performed with respect to the other 
layers because both water content and pressure head observation data were available within the same 
layer. Moreover the indirect simulations of the groups of inverse analysis 1_1_3 and 1_1_4 were redone 
with constrains in the optimized parameters (1_1_1 and 1_1_2).  
Constraining a variable means to specify an upper and lower bound so the objective function, by varying 
the optimization variable within these bounds, will dismiss any solutions which do not meet the specified 
constraint condition. 
Looking at the results of the optimization, there was no need to impose constrains to the hydraulic 
parameters of any layer of the river bank section. 
In the fourth column of Table 22, the percentages of convergent indirect simulations (with respect to the 
total number of simulations indicated in the second column) are reported. It is relevant to stress that the 
same calibration procedure has been applied to each layer2, including the aquifer for which the 
optimization of all the hydraulic parameters was performed despite the insensitivity of almost all the 
parameters (the only exception is the saturated permeability). Therefore the high values of successful 
simulations of the aquifer layer are not relevant. 
As could be observed in the third column of Table 22, the VGM and HVGM secure an high percentage of 
successful inverse simulations for the embankment layer (>50%) and for the foundation layers (69%), while, 
for the fluvial layer, HVGM and VGM assure the same low percentage of successful simulations (27-29%). 
 
HVGM-2cm shows a very low percentage of success for all the layers (0 or less than 1%) so we can conclude 
that it is impossible to calibrate the parameters of this model by inverse analysis. One of the most probable 
reason may be found in the ill-posed inverse problem. In a complex n-layer and multi-parametric model 
many factors contribute to inverse-analysis nonuniqueness as indeterminacy, statistical data-error 
distribution, numerical error and instability, finite data and model parameter (Simunek and Hopmans, 
2002). 
It is well known that the use of additional data in the indirect problem together with the reduction of the 
number of parameters involved in the optimization process could reduce or resolve these problems. Both 
strategies have been tested in the calibration programme but no improvements have been observed. For 
what concerns the VGM-2cm the percentage of successful simulations is low (from 0 to 19%).  
 
From the fifth column to the ninth column (Table 22), the percentage of successful indirect simulations 
optimizing from 1 to 5 parameters is reported based on the initial number of simulation. The number of 
optimized parameters is an important factor affecting the inverse modelling. In fact local gradient based 
optimization algorithm such as the Levenberg-Marquardt method implemented in Hydrus works best with 
a limited number of parameters. If a large number of parameters needs to be calibrated, other optimization 
algorithm such as the Genetic Algorithms are to be preferred (Simunek et al, 2012; Vrugt et al, 2001). The 

                                                             
2 The same calibration programme has been applied to all the investigated layers (embankment, fluvial, foundation, 
aquifer) in order to assure an easier comparison between the obtained results. A reduction of the number of indirect 
simulations could be obtained optimizing only the hydraulic parameters which showed the greater sensitivity in 
chapter 6_1 (sensitivity analysis) but for the purposes of the present thesis, it was not a priority to maintain a low 
number of inverse analysis. 
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percentage of successful simulations seems not to be directly related to the number of optimized 
parameters (f.e. the embankment layer has a percentage of convergence equal to 56% for 1 parameter, 
63% for two parameters and 67% for four parameters) but we are not considering any information on the 
quality of the inverse simulations moving from 1 to 5 optimized parameters (simulations that optimize 
more parameters are most likely less accurate than those optimizing fewer parameters). 
 
While in Table 22 the subdivision between indirect simulations has been performed according to the 
different optimized layers and the different hydraulic models; in Table 23: 

- All the successful simulations that use the TMAT are classified according to the different hydraulic 
models (case A). 

- All the successful simulations that use weights equal to 1 are classified according to the different 
hydraulic models (case B). 

- All the successful simulations are classified according to the different hydraulic models and the 
different type of dataset (wc and/or PH) (case C). 

- All the successful simulations (optimizing the hydraulic parameters of each layer) are classified 
solely according to the different hydraulic models (case D). 

 
As it is possible to observe, case A has a lower percentage of successful simulations with respect to case B. 
This is due to the fact that, in case A, an higher weight is given to observations belonging to flood events 
(pre, ongoing, post) and this implies an higher difficulty to minimize the objective function and find an 
optimized set of parameters. The algorithm tries harder to reduce the residuals between simulated and 
observed datasets where the weight of the dataset is higher (during the flood events) while the remaining 
periods affect less significantly the inverse simulation. Undoubtedly, it is easier to find a set of parameters 
ǘƘŀǘ ŜƴƘŀƴŎŜǎ ǘƘŜ ǇŜǊŦƻǊƳŀƴŎŜ ƻŦ ǘƘŜ ƳƻŘŜƭ ŘǳǊƛƴƎ ǘƘŜ ΨΩƻŦŦ-ǇŜŀƪΩΩ ǇŜǊiods (low river hydraulic level), more 
complex is the improvement of the simulation behaviour during the peak periods. 
In table 20, as in table 19, there is no evidence of any correlation between the percentage of successful 
simulations and the increase in the number of optimized parameters. 
VGM is the hydraulic model that shows the highest percentage of successful indirect simulations among the 
considered ones (46%, case D) and this number is kept high also for simulations with more than one 
optimized parameter while, as seen in Table 22, VGM-2cm has a low number of converged simulations 
(14%) and HVGM-2cm a percentage close to zero. 
HVGM, VGM and HVGM-2cm with a pressure head dataset (case C) have the higher percentage of 
successful simulations compared to simulations with a water content dataset or a mixed dataset (PH+wc). 
For the purposes of this calibration procedure, a good performance of the model in terms of pore pressure 
distribution in time is preferable to the one in terms of w.c. distribution. The use of a w.c. dataset assures 
the lowest percentage of converged simulations while the mixed dataset (wc+PH) a value in between. 
 

  % OF SUCCESSFUL SIMULATIONS OPTIMIZING 

HYDRAULIC 
MODEL 

% OF SUCCESSFUL 
SIMULATIONS 

(
1
) 

1 PARAM. 
(
2
) 

2 PARAM. 
(
3
) 

3 PARAM. 
(
4
) 

4 PARAM. 
(
5
) 

5 PARAM. 
(
6
) 

TMAT 
 [case A] 

HVGM 32 31 33 35 14 25 
VGM 32 38 30 25 38 25 

VGM-2cm 2 0 0 0 0 0 
HVGM-2cm 15 15 13 25 50 25 

Weights 
equal to 1 
[case B] 

HVGM 49 50 63 25 38 30 
VGM 60 68 60 63 38 50 

VGM-2cm 2 3 3 0 0 0 
HVGM-2cm 6 14 15 8 13 13 

Subdivision 
based on the 

hydraulic 

HVGM (wc) 32 44 27 18 0 13 
HVGM (PH) 44 36 60 39 33 33 

HVGM (PH+wc) 21 38 10 0 0 0 
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model and 
the type of 
observation 

dataset 
[case C] 

VGM (wc) 28 40 23 17 33 33 
VGM (PH) 57 52 65 50 50 50 

VGM (wc+PH) 35 50 30 50 0 0 
VGM-2cm (wc) 15 28 7 0 33 17 
VGM-2cm (PH) 17 8 23 25 25 25 

VGM-2cm 
(PH+wc) 0 0 0 0 0 0 

All layers 
together 
[case D] 

HVGM 41 42 49 29 27 28 
VGM 46 53 45 44 38 38 

HVGM-2cm 1 2 1 0 0 0 
VGM-2cm 14 12 14 11 25 19 

Table 23: In the third column, the percentage of successful simulations in different cases (from A to D) subdivided according to 
the hydraulic models considered. From the fourth to eighth column, the percentage of successful simulations subdivided 
according to the number of optimized parameters. 

(1) with respect to the total number of simulations performed for each hydraulic model. (2) with respect to the total number of 
performed simulations that optimize one parameter, (3) two parameters, (4) three parameters, (5) four parameters, (6) five 
parameters. 

7_1_1 PRELIMINARY CONCLUSIONS AND FURTHER STUDIES 

Chapter 7_1 presents the results of the inverse analysis performed on the 2018 period. N°1028 indirect 

simulations have been carried out and they could be grouped in ƴϲ сс ΨΩƎǊƻǳǇǎ ƻŦ ƛƴǾŜǊǎŜ ŀƴŀƭȅǎƛǎΩΩΦ N° 324 

indirect simulations have been performed using the HVGM, n°208 the VGM, n°208 the VGM-2cm and n°288 

the HVGM-2cm. Each group of inverse analysis contains 18 simulations for HVGM and HVGM-2cm and 13 

simulations for VGM and VGM-2cm. Each group of inverse analysis uses a different dataset of observation 

points, a different hydraulic model (VGM, VGM-2cm, HVGM, HVGM-2cm), optimizes different layers (single, 

couple, triplets of layers) and different combinations of hydraulic parameters (from 1 to 5 for the 

optimization of a single layer up to 15 parameters for triplets of layers). The weighting distributions 

adopted are: all observed data equal to unity, weights distributed according to the Triangular Moving 

Average Technique (TMAT), weights attributed depending on the typology of sensors, the position of the 

sensor in the section, the time period in which data have been recorded, the reliability and quality of the 

data recorded by the sensor. It has been observed that the performed inverse analyses do not need 

constraints on the hydraulic parameters which vary in all the cases in a plausible range. This means that the 

investigated problem is not appropriate to deal with this topic (influence of constrains on the inverse 

analysis results). Only the 25% of the initial simulations have reached convergence (256) and, from 66 

groups of inverse analysis, only the performance of 33 groups will be tested in the following chapters 

applying a methodological approach in three phases. With high probability, the low percentage of 

successful simulations is due to the complexity of the problem we are dealing with (long period of 

simulation, multi-layered domain, multi-parametrical hydraulic models). The VGM and HVGM secure an 

high percentage of successful inverse simulations for the embankment layer (>50%), for the foundation 

(69%) and aquifer (> 50%) layers, while, for the fluvial layer, HVGM and VGM assure the same low 

percentage of successful simulations (27-29%). HVGM-2cm shows a very low percentage of success for all 

the investigated layers (close to 0) due, with high probability, to an ill-posed inverse problem. Attempts 

have been made to eliminate or reduce this problem, decreasing for example the number of optimized 

parameters and incrementing the observation data used for the inverse analysis but with no success. We 

can conclude that the optimization of the hydraulic parameters of HVGM-2cm is not possible in the 

problem under analysis. The VGM-2cm shows, at the same way, a low number of successful indirect 

simulations with a percentage between 0-19% for all the investigated layers. Despite this, an attempt has 
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been made to use the available successful simulations to optimize the hydraulic parameters of this model. 

The VGM shows the highest percentage of successful simulation with respect to HVGM, HVGM-2cm, VGM-

2cm if compared to the initial number of performed simulations. This is easily explained by the fact that the 

VGM is the easier model used which requires the lower number of parameters. The correlation between 

number of optimized parameters and the percentage of successful simulations has been investigated. A 

direct correlation is not visible passing from 1 to 5 optimized parameters in the four different hydraulic 

models. From literature, it is well known that the Levenberg-Marquardt algorithm works best with a limited 

number of parameters, this helps to reduce convergence problems, problems of non-uniqueness of the 

solution and ill-posedness of the inverse problem. In the present case study, a reduction of the percentage 

of the successful simulations together with a reduction of the number of optimized parameters is not 

observed for all the different hydraulic models. This means that it is more relevant to consider the quality 

of the simulations increasing the number of parameters instead of considering the percentage of successful 

simulations as it is expected a reduction of the improvement in the simulation output incrementing the 

number of optimized parameters. It has been observed an higher percentage of successful simulations 

using a weighting distribution with all weights equal to 1 with respect to a TMA weighting distribution. This 

is due to the fact that the TMA weighting distribution gives more relevance to the observation data during 

the peak periods and decrementally moving away from the peaks. In this case, the minimization of the 

objective function is more difficult because, if we concentrate the attention on the flood-events, it is 

particularly complex the individuation of a set of optimized parameters that enhance the model 

performance. On the contrary using a weighting distribution w=1 for the whole dataset of observation 

points, the inverse analysis is influenced mainly by the off-peak periods and the individuation of a set of 

optimized parameters results easier. Despite this, the optimization of the peak periods results more 

relevant for the purposes of our analysis (stability analyses in the most relevant instants of the simulation). 

It has been observed that for all the considered hydraulic models, the pressure head dataset assures the 

higher percentage of successful simulations with respect to a wc dataset or a mixed dataset (PH+wc). The 

wc dataset is associated to the lowest number of successful simulations while the mixed dataset (wc+PH) 

has a value in between.  

While in chapter 7_1 the investigation involves the relation between the number of successful simulations 

and the characteristics of the indirect problem (number of optimized parameters, adopted hydraulic model, 

typology of dataset etc), in chapter 7_2 the focus is on the quality of the performance of the groups of 

inverse analysis in fact the match between observed-simulated datasets is investigated by means of 

metrics/indices. 

7_2 PRELIMINARY EVALUATION OF THE PERFORMANCE OF GROUPS OF INVERSE 

ANALYSIS 

In the present chapter §7_2, a preliminary evaluation of the performance of the groups of inverse analysis 
(with the identification code 1_1_xx with xx varying from 1 to 66) is presented, while in chapters §7_3, 
§7_4 and §7_5, the quantitative evaluation of the performance is concentrate on the single indirect 
simulations belonging to the different groups of inverse analysis.  
 
The performance of a group of inverse analysis is evaluated by means of a set of metrics. The metrics are 
computed for each simulation belonging to the group of inverse analysis under examination, then an 
average value will be associated to the whole group. 
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The average could be considered significant to represent the behaviour of a whole group of inverse analysis 
because every simulation (which belongs to a certain group) optimizes the hydraulic parameters of the 
same layer, with the same dataset of observation points and the same distribution of the weights. We have 
noted that a metric computed on the output of all simulations belonging to a group of inverse analysis, is 
within a very narrow range. This makes legitimate and significant to consider the mean of these values as 
representative of the behaviour of a certain group of inverse analysis. 
 
All the available groups of inverse analysis have been considered (33 groups). The proposed preliminary 
evaluation is suggested when a large number of groups is available, at the very initial phase of the 
calibration process, when it is necessary to look globally at the behaviour of the model excluding groups of 
inverse analysis that do not comply a minimum threshold that we are going to define. This preliminary 
phase is important in order to reduce the number of groups that will be investigated in detail in the next 
phases, excluding the ones that perform poorly. The use of threshold values for the considered set of 
metrics and the use of a colour scale to detect which groups of inverse analysis fulfil or not the required 
metrics allow an easy and rapid evaluation. Having an idea of the general trend of the simulations, allows to 
detect the correct thresholds and the scale of scores to adopt in the next phase where we look at the single 
simulations one by one investigating the performance not only during the whole simulation period (2018 
year) but also during flood peak and off-peak periods. 
 
The performance during the ΨΩwhole simulation periodΩΩ (2018 year) of each group of inverse analysis has 
been investigated by means of the following set of metrics: 
 
-Efficiency criteria: the Nash-Sutcliffe Efficiency Criteria (NSE), the Index of Agreement (IA), the Modified 
Index of AƎǊŜŜƳŜƴǘ όL!ΩύΣ the relative Nash-Sutcliffe Efficiency Criteria (NSErel), the Relative Index of 
Agreement (IArel), the modified Index of Agreement (IAj) with j=1; the modified Nash-Sutcliffe Efficiency 
Criteria (NSEj) with j=1, the Kling-Gupta Efficiency Criteria (KGE), the Coefficient of Determination (R2). 
-Accuracy criteria: the Mean Bias Error (MBE), the Mean Absolute Error (MAE), the Coefficient of Residual 
Mass (CRM), the Mean Square Error (MSE).  
-Model Selection Criteria: the Akaike Information Criterion (AIC), the Bayesian Information Criterion (BIC), 
the Hannan-Quin Information Criterion (HQIC). 
 
The mathematical and critical discussion of these parameters could be found in chapter §2_7_2. The 
threshold values adopted for each metric/index are the following: 
 

¶ R2 :values between 0,5 and 1 (1 is the best fit). 

¶ NSE: values between -1 and 1 (1 is the best fit). 

¶ NSErel: values between -1 and 1 (1 is the best fit). 

¶ NSEj: values between -1 and 1 (1 is the best fit). 

¶ IA: values between 0 and 1 (1 is the best fit). 

¶ IArel: values between 0 and 1 (1 is the best fit). 

¶ IAj: values between 0 and 1 (1 is the best fit). 

¶ L!ΩΥ ǾŀƭǳŜǎ ōŜǘǿŜŜƴ л ŀƴŘ м όм ƛǎ ǘƘŜ ōŜǎǘ ŦƛǘύΦ 

¶ KGE : values between -1 and 1 (1 best fit). 

¶ MBE: values between -0,5 and +0,5 (0 best fit). 

¶ MAE: values between 0 and +0,7 (0 best fit). 

¶ CRM: values between -1 and +1 (0 best fit). 

¶ MSE: values between -0,7 and +0,7 (0 best fit). 

¶ AIC/AICmin: values between 0 and 10 (0 best fit). 

¶ BIC/BICmin: values between 0 and 10 (0 best fit). 

¶ HQIC/HQICmin: values between 0 and 10 (0 best fit). 
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In chapter §4 the performance of all the chosen indicators has been investigated. It has been observed that 
IA, IArel and IAj in some cases show an inconsistent behaviour that lead tƻ ǇǊŜŦŜǊ ǘƘŜ ƳƻŘƛŦƛŜŘ ŦƻǊƳ L!ΩΦ 
Inconsistencies were observed also in some cases for KGE, CRM and R2. The pros and cons of these indices 
have been presented extensively in chapter §2_7_2 and, as said many times, their combined use is the key 
for a good simulation performance evaluation. In this preliminary phase, all these indices (IA, IArel, IAj, KGE, 
CRM and R2) have been considered because they are able to catch the global behaviour of the groups of 
inverse analysis, while their use for a hierarchical classification of the groups/simulations (from the better 
to the worst) is not recommended because, for some input dataset, their values fail to identify 
inconsistencies in the model (see chapter §4). 
For each metric a validity interval has been defined (the best value could be a boundary of the interval or 
stay within the interval). Table 21 shows, for each metric, a three colour scale. If the value of the metric is 
outside the associated range, the square is coloured in bright red, otherwise the square is coloured from 
green to brown depending how close the metric is to the best value (green). 
 
In Table 24, the groups of simulations are subdivided according to the different hydraulic models: in the 
table on the top the HVGM, in the centre the VGM and on the bottom the VGM-2cm. As mentioned earlier, 
the HVGM-2cm is excluded because the number of successful simulations that uses this hydraulic model is 
too restricted in order to allow a consistent analysis for the calibration programme. 
 
Each group of inverse analysis is indicated with the identification code 1_1_xx (2nd column) and with a 
name including information on: 

¶ the type of dataset used (wc, PH, wc+PH) 

¶ the weighting distribution (w=1; w=TMA) 

¶ the layer/s whose parameters are optimized in the simulation (1st column) 
 
In Table 24 all the 16 metrics compare simulated data to observed data over the whole simulation period 
(2018 year) and the values of the metrics are reported and coloured from green to red. If in a group of 
inverse analysis more than 6 metrics are outside the validity range, we consider that group unacceptable. 
The number of metrics that exceeds the valid range is reported in the 19th column (the bright red colour 
helps distinguish these metrics easily). 
 
Appling the rules just explained, the following groups of inverse analysis could be excluded from the next 
calibration phase (1st phase of the calibration): 
 
HVGM_embankment_wc_weight=TMA (1_1_36);  
HVGM_foundation_PH_weight=TMA (1_1_41);  
HVGM_embankment+foundation_PH_weight=TMA (1_1_45);  
HVGM_embankment+foundation+fluvial_PH+wc, weight=TMA (1_1_47). 
VGM_foundation_PH_w=TMA (1_1_42) 
VGM_embankment+foundation_PH_w=TMA (1_1_46) 
VGM_emb_w=TMA (1_1_37) 
 
193 indirect simulations pass to the next calibration phase. 
 
Looking closely at Table 24, other observations could be made: 

¶ The hydraulic parameters of the embankment layer could be optimized in an effective way using 
HVGM or VGM both with a PH or w.c. observation dataset as input. 

¶ The hydraulic parameters of the fluvial layer could be optimized in an effective way using HVGM or 
VGM with a w.c. observation dataset as input. 
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¶ The hydraulic parameters of the foundation layer could be optimized in an effective way using 
HVGM with a PH observation dataset as input. 

¶ The inverse simulations that use the TMAT to allocate the weighs of the observation dataset 
perform worse with respect to the uniform distribution of weights (weights equal to unity). 

¶ For the HVGM and VGM, NSEj and NSErel have a relatively big dispersion of the values outside the 
accepted range or very close to the thresholds. The same could be observed for MBE, MAE, MSE 
(see Table 24). 

¶ For the three hydraulic models (HVGM, VGM, VGM-2cm), R2 has mostly values greater than 0,7, 
suggesting a good fit between observed-simulated dataset. The joint use of R2 together with all the 
other metrics stresses the limits of the use of this parameter as single indicator often unable to 
catch the real performance of the simulation. 

¶ A part from the seven groups of inverse analysis excluded, the others have a low number of metrics 
outside the valid range (low number of bright red cells), sign of a good quality of the simulations. 

¶ The model performance evaluation metrics (AIC, BIC, HQIC) show a very low score for all 6 groups 
of inverse analysis that are going to be excluded. This demonstrates that model performance 
metrics could be used as unique set of indices in the preliminary phase to individuate the groups of 
simulations with a poor/insufficient performance. 

 

 
Table 24: Set of metrics applied to the different groups of inverse analysis in order to investigate the behaviour during the whole 
2018 simulation period. The last column reports the number of metrics that does not comply the minimum threshold set for 
each metric. In red the groups of inverse analysis that have shown a poor performance, below the require threshold. It is 
important to report that the following groups of inverse analysis have a n° of indirect simulation <3 within the group: 1_1_47, 
1_1_11, 1_1_12, 1_1_44, 1_1_46, 1_1_20, 1_1_26 (2 simulations); 1_1_37, 1_1_40 and 1_1_28 (1 simulation). 

Embankment_PH_weight=1 1_1_1 0,9 1,0 -3,8 1,0 0,8 0,9 -0,4 0,6 0,9 -0,3 0,7 0,7 6,0 6,0 6,0 1,0 1

Embankment_wc_weight=1 1_1_2 -0,2 0,8 -0,1 0,8 -0,2 0,6 0,0 0,0 0,6 0,0 0,0 0,4 0,4 0,4 0,4 0,7 0

Embankment_PH_weight=1 1_1_3 0,9 1,0 -3,8 1,0 0,8 0,9 -0,4 0,6 0,9 -0,3 0,7 0,7 6,0 6,0 6,0 1,0 1

Embankment_wc_weight=1 1_1_4 -0,5 0,8 -0,4 0,8 -0,3 0,6 0,0 0,0 0,6 0,0 0,0 0,3 0,3 0,3 0,3 0,7 0

Embankment_wc_weight=TMA 1_1_36 0,4 0,8 -0,7 0,8 0,4 0,7 -38,8 38,8 0,7 -0,2 47,0 0,5 20,8 20,7 20,8 0,8 6

Fluvial_wc_weight=1 1_1_7 0,8 0,8 0,7 0,8 0,4 0,7 0,0 0,0 0,7 0,0 0,0 0,7 0,2 0,2 0,2 0,8 0

Fluvial_wc_weight=TMA 1_1_39 -26,8 0,8 -26,6 0,8 -5,3 0,3 0,1 0,1 0,3 0,1 0,0 0,5 0,5 0,5 0,5 0,8 3

Foundation_PH_weight=1 1_1_9 0,6 0,8 -1,0 0,8 0,4 0,7 -0,4 0,6 0,7 -0,6 1,1 0,3 3,5 3,5 3,5 0,7 2

Foundation_PH_weight=TMA 1_1_41 0,0 0,4 0,7 0,4 0,1 0,5 -3,6 4,6 0,5 1,8 29,6 -1,0 14,0 14,0 14,0 0,5 9

Aquifer_PH_weight=1 1_1_17 0,3 0,9 0,3 0,9 0,2 0,7 -0,5 0,5 0,7 -0,1 0,5 0,7 1,0 1,0 1,0 0,8 0

Emb+found_PH_weight=1 1_1_13 0,8 0,9 -0,4 0,9 0,6 0,8 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,9 0

Emb+foun_PH_weight=TMA 1_1_45 -0,1 0,5 -0,1 0,5 0,2 0,5 -12,5 13,4 0,5 1,0 122,7 -0,3 23,2 23,1 23,1 0,8 7

Emb+found+fluv_PH+wc_w=1 1_1_15 0,8 0,9 0,9 0,9 0,7 0,8 -0,1 0,3 0,8 -1,2 0,3 -0,3 4,4 4,4 4,4 0,9 1

Emb+found+fluv_PH+wc_TMA 1_1_47 -0,1 0,5 -0,2 0,5 0,2 0,5 -12,9 13,6 0,5 1,0 122,1 -0,3 11,6 11,6 11,6 0,8 7

Emb+fluv_wc_weight=1 1_1_11 -0,1 0,8 -0,1 0,8 0,0 0,6 0,0 0,0 0,6 0,0 0,0 0,3 0,6 0,6 0,6 0,7 0

Embankment_PH_weight=1 1_1_5 0,9 1,0 -3,9 1,0 0,8 0,9 -0,4 0,6 0,9 -0,3 0,7 0,7 5,7 5,7 5,7 1,0 1

Embankment_wc_weight=1 1_1_6 -0,1 0,8 -0,1 0,8 0,0 0,6 0,0 0,0 0,6 0,0 0,0 0,3 0,6 0,6 0,6 0,7 0

Fluvial_wc_weight=1 1_1_8 0,8 0,8 0,7 0,8 0,4 0,7 0,0 0,0 0,7 0,0 0,0 0,0 0,3 0,3 0,3 0,8 0

Foundation_PH_weight=1 1_1_10 0,6 0,8 -1,0 0,8 0,4 0,7 -0,6 0,7 0,7 -0,6 1,1 0,3 3,3 3,3 3,3 0,7 4

Foundation_PH_weight=TMA 1_1_42 0,0 0,4 0,7 0,4 0,1 0,5 -3,6 4,6 0,5 1,8 29,6 -1,0 13,2 13,2 13,2 0,5 9

Aquifer_PH_weight=1 1_1_18 0,3 0,8 0,3 0,8 0,2 0,6 -0,5 0,5 0,6 -0,1 0,5 0,7 1,0 1,0 1,0 0,7 2

Emb+found_PH_weight=1 1_1_14 0,8 0,9 -0,4 0,9 0,6 0,8 -0,2 0,5 0,8 0,6 0,6 0,3 5,6 5,6 5,6 0,9 0

Emb+found_PH_w=TMA 1_1_46 -0,1 0,5 0,1 0,5 0,2 0,5 -11,8 12,8 0,5 1,0 121,9 -0,3 21,8 21,8 21,8 0,7 7

Emb+found+fluv_PH+wc_w=1 1_1_16 0,8 0,9 0,9 0,9 0,7 0,8 -0,1 0,3 0,8 -1,2 0,3 -0,3 4,2 4,2 4,2 0,9 1

Emb+fluv_wc_w=1 1_1_12 0,9 0,9 0,8 0,9 0,7 0,9 0,0 0,0 0,9 0,0 0,0 0,8 0,8 0,8 0,8 0,9 0

Fluvial_wc_weight=TMA 1_1_40 -39,5 0,7 -39,2 0,7 -8,1 0,1 0,1 0,1 0,1 0,2 0,0 0,4 0,5 0,5 0,5 0,7 3

Emb_PH_w=TMA 1_1_37 0,3 0,9 0,5 0,9 0,4 0,7 -39,6 39,6 0,7 -0,2 55,5 0,4 20,1 20,1 20,1 0,9 6

Emb+fluv_wc_w=TMA 1_1_44 0,4 0,7 0,1 0,7 0,5 0,7 0,0 0,0 0,7 0,0 0,0 0,5 0,9 0,9 0,9 0,5 1

Embankment_wc_weight=1 1_1_20 -0,4 0,9 -0,4 0,9 -0,3 0,6 0,0 0,0 0,6 0,0 0,0 0,0 0,3 0,3 0,3 0,7 0

Fluvial_wc_weight=TMA 1_1_24 0,8 0,9 0,8 0,9 0,5 0,7 0,0 0,0 0,7 0,0 0,0 0,7 1,0 1,0 1,0 0,8 0

Emb+fluv_PH_weight=1 1_1_28 -0,7 0,7 -2,0 0,7 -0,1 0,5 -0,3 0,5 0,5 -0,5 0,7 0,4 2,2 2,2 2,2 0,7 2

Aquifer_PH_weight=1 1_1_34 0,3 0,8 0,3 0,8 0,3 0,7 -0,5 0,5 0,7 -0,1 0,5 0,6 1,0 1,0 1,0 0,7 0

VGM+2cm_foundation_PH_w=11_1_26 -0,7 0,7 -2,0 0,7 -0,1 0,5 -0,3 0,5 0,5 -0,5 0,7 0,4 2,2 2,2 2,2 0,7 2

BEST FIT 1 1 1 1 1 1 0 0 1 0 0 1 1 1 1 1

VGM-2cm

MSE KGE
n° < 

threshold
HVGM

AIC /   

AICmin

BIC / 

BICmin

HQIC / 

HQICmin
R2NSE IA NSErel IArel NSEj IAj MBE MAE IA' CRM

VGM
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7_2_1 PRELIMINARY CONCLUSIONS AND FURTHER STUDIES 

A preliminary evaluation of the available 33 groups of inverse analysis has been carried out. A set of metrics 

(accuracy, efficiency and model selection criteria) has been chosen and for each of them a threshold is set. 

Metrics/indices are computed for each simulation on the whole simulation period in order to compare 

observed-simulated datasets then an average of the values assumed by each metric between the indirect 

simulations belonging to the same group is computed. This is legitimate because the simulations that 

belong to the same group optimize the same layer, using the same hydraulic model and the same weighting 

distribution. In this preliminary phase it is interesting to look at the global behavior of the groups of indirect 

simulations in order to exclude from the following phases (which look at the single indirect simulations) the 

ones that behave poorly. Moreover the modeler has an initial general idea of the performance of the 

groups of simulations and this helps to set the score scale and the threshold values for the following phases 

in which each indirect simulation is investigated with more accuracy. In this preliminary evaluation, 

metrics/indices that in chapter 4 όάǇǊŜƭƛƳƛƴŀǊȅ ǘŜǎǘǎ ƻƴ ǘƘŜ ƳŜǘǊƛŎǎκƛƴŘƛŎŜǎ ǇŜǊŦƻǊƳŀƴŎŜέ) showed in some 

cases inconsistent behaviour have been used. This is because they are able to give a general indication on 

the performance of groups of indirect simulations but they will be excluded from the following calibration 

steps because not able to evaluate singularly the indirect simulations making hard to compare their 

performance and grading them on a scale (from the best to the worst). N° 16 metrics/indices have been 

computed for each group of inverse analysis and 6/16 metrics values outside the valid range determine the 

exclusion of the group for an insufficient performance. Seven groups of inverse analysis out of 33 are 

excluded according to the selection just exposed. N° 193 indirect simulations pass to the first calibration 

phase (chapter 7_3). It has been observed that a part from the seven groups of inverse analysis excluded, 

the remaining groups have a good/very good performance with a low number of metrics/indices below the 

accepted thresholds. Moreover it has been observed that the Model Selection Criteria Metrics (AIC, BIC 

HQIC) show an insufficient score for all the seven excluded groups of inverse analysis while for the 

remaining groups a score always above the set threshold. This means that these metrics are a good 

indicator for a preliminary evaluation of the performance of groups of inverse analysis. It has been 

observed also that a weighting distribution TMAT shows in all the cases a poorer performance of the 

indirect simulations with respect to a weighting distribution with all the data equal to unity (w=1). 

In the following subchapter 7_3 the first calibration phase is applied to each indirect simulation: a set of 

chosen metrics/indices is used to quantify the discrepancies between observed and simulated datasets. 

While the pre-calibration phase is applied to groups of indirect simulations, the first phase is applied to the 

single indirect simulation in order to allow a direct comparison between them with the final purpose of 

individuate the best set/s of optimized parameters. 

7_3 PERFORMANCE EVALUATION OF INDIRECT SIMULATIONS: THE FIRST PHASE OF 

THE CALIBRATION PROCESS 

The preliminary phase, presented in chapter §7_2, to evaluate the performance of groups of inverse 
analysis could be useful when a large number of indirect simulations is available in order to discard easily 
the ones that are below the expected performance and focus the attention on a restricted number of 
simulations. The advantage of performing this preliminary phase stays in the more efficient way of 
investigating the remaining simulations, saving time and having a first general overview on the limits and 
potentialities of the available set of indirect simulations. 
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The new phase of the calibration process that is going to be presented, could be applied at the end of the 
previous step to the purged pool of simulations or, in case of a small number of inverse analysis, to the 
whole pool of indirect simulations (skipping the preliminary phase). Differently from the preliminary phase 
(chapter §7_2), the first phase of the calibration investigates the performance of each indirect simulation 
and not the performance of the groups of inverse analysis. 
 
Indirect simulations performance is examined using statistic metrics. A scoring-based methodology is 
developed and applied to the case study. The scores are given according to the ability of each metric to 
predict the performance of the simulation and according to the distance of its value from the best fit. In 
this first phase of the calibration process, the attention is focused on the simulation output that is 
compared to the observation data; in other words the differences between observed-simulated dataset is 
under scrutiny.  
Metrics are used to interpret the performance of each indirect simulation over the whole temporal period 
(November 2017 to June 2018) and over the 12 flood peak-periods (from A to N) and 12 off-peak periods 
όŦǊƻƳ !Ω ǘƻ hΩύΦ ¢ƘŜ ǇŜŀƪ- periods and off-peak periods have been presented in chapter §6_1 and in 
Figure 19. The investigation of the behaviour of the indirect simulations over the flood peak periods is of 
primary importance in a calibration phase in view of future stability analysis which need reliable pwp 
distributions. It is extremely important to avoid an evaluation of the performance of the simulation based 
only on the behaviour over the whole simulation period because it is not indicative of a good 
representation of the peaks (flood periods) but often only of the off-peak periods. The set of 
metrics/indices used in the first phase of the calibration could be used similarly for the evaluation of the 
performance of direct simulations when a reliable observation dataset is available. 
 
The indices used to investigate the behaviour of the indirect simulations over the ΨΩǿƘƻƭŜ simulation 
periodΩΩ are the following: 
 

¶ accuracy metrics: the coefficient of determination R2 and r2, the Mean Absolute Error (MAE), the 

Root Mean Square Error (RMSE) and the Modified Root Mean Square Error (MRMSE) that considers 

the weight associated to each measurement of the input dataset and the number of estimated 

parameters, 

¶ -efficiency metrics: the Nash-Sutcliffe Efficiency Criteria (NSE), the modified form of NSE (NSEj), the 
Relative Efficiency Criteria (NSErel), ǘƘŜ ƳƻŘƛŦƛŜŘ LƴŘŜȄ ƻŦ !ƎǊŜŜƳŜƴǘ όL!ΩύΣ the Kling-Gupta 
efficiency (KGE), 

 

¶ -Model selection criteria: the Akaike Information Criteria (AIC), the Bayesian Information Criteria 
(BIC) and the Hannan Information Criteria (HQIC).  

 
The use of metrics has been associated to the use of another parameter which takes into account the input 
data (in terms of water content, pressure head or both). It is preferable to consider approximately the same 
number of efficiency and accuracy metrics in order ǘƻ ƎƛǾŜ ŀ ΨΩōŀƭŀƴŎŜŘΩΩ ŜǾŀƭǳŀǘƛƻƴ ƻŦ the performance of 
an indirect simulation. 
 
The metrics used to investigate the flood ΨΩpeak periodsΩΩ and ΨΩoff-peak periodsΩΩ are the following:  
 

¶ accuracy metrics: the coefficients of determination (R2 and r2), MAE, RMSE. 

¶ efficiency metrics: L!ΩΣ b{9Σ b{9j, NSErel  

¶ statistical significance criteria: the logical t-test (to assess if the difference between simulated-
observed values is statistically significant or not). 
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As could be observed, a smaller number of metrics is applied to single time periods in order to avoid the 
confusion given by a high number of metrics to process for 24 different time periods (12 peak periods and 
12 off-peak periods). 
 
¢ƘŜ ŎƘƻƛŎŜ ƻŦ ǘƘŜ ƳŜǘǊƛŎǎ ǘƻ ǳǎŜ ŦŜƭƭ ƻƴ a!9 ŀƴŘ wa{9 ǘƘŀǘ ŀǊŜ ŀƳƻƴƎ ǘƘŜ ΨΩōŜǎǘΩΩ ƻǾŜǊŀƭƭ ƳŜŀǎǳǊŜǎ ƻŦ ŀ 
model performance, as they summarize in an easy way the mean difference between observed and 
predicted data (Willmott, 1982). R2 has been included in the pool of metrics because it is worldwide used in 
model evaluation and even though, in some cases, significant values (close to 1) of R2 could be misleading 
because they do not correspond to equally good simulations, in the majority of the cases R2 is able to catch 
the overall behaviour of the simulation and communicate this information in a very understandable way. Its 
use together with other accuracy metrics, efficiency metrics and the significance test ensure to catch 
possible misleading evaluations. Model selection criteria are not used in the evaluation of the performance 
during the peak/off-peak periods because, as reported in chapter §2_7_2_5, these indices are suitable for a 
comparison between models but not for ŎƻƳǇŀǊƛǎƻƴǎ ΨΩƛƴǎƛŘŜΩΩ ǘƘŜ ǎŀƳŜ ǎƛƳǳƭŀǘƛƻƴΦ  
 
IA, IArel and IAj have been excluded from the chosen indices because, in some cases, an inconsistent 
behaviour has been shown for some input datasets (see chapter §4). Over these metrics, the modified form 
L!Ω is preferred. The trilogy composed of NSE and its modified forms (NSEj and NSErel) are used because 
each of them has particular advantages: the modified form NSEj is less sensitive to overestimation of large 
errors while the relative form NSErel avoids an over or under prediction of the higher values and a low 
influence of the lower values resulting in a better overall estimation. So globally the efficiency indices of the 
first phase of the calibration are NSE, NSEj, NSErel ŀƴŘ L!ΩΦ CƻǊ ǿƘŀǘ ŎƻƴŎŜǊƴǎ ǘƘŜ ŀŎcuracy criteria only two 
metrics have been chosen: RMSE and MAE. MAE is chosen over ME (MBE) because errors with different 
signs cancel out in ME, as previously explained, while RMSE is preferred over MSE because more known 
and used in simulation evaluation but substantially these two indices are equivalent (RMSE is the square 
root of MSE). MAE is undoubtedly a better metric compared to RMSE but RMSE has the benefit of 
penalizing large errors (due to errors that are squared before being averaged), that, in our case, is 
extremely appropriate. Both the forms of RMSE are considered: the original one and the one that takes into 
consideration the weights of the input dataset and the degree of freedom (for more information see 
chapter §2_7_2_1). Due to the higher information content in the modified form of RMSE, a greater score is 
given to this parameter with respect to the original form (see Table 26). For what concerns the 
coefficients of determination, the two forms R2 and r2 are equivalent when the weights of the dataset are 
all equal to 1, so only for the dataset with weights according to TMA both the forms are used. 
 
Despite some inconsistencies observed in chapter §4, the KGE metric is used in the first phase of the 
calibration process. In fact as demonstrated by Gupta et al (2009) the KGE metric represents an 
improvement of the widely used NSE criterion because it considers three different types of model errors 
namely the variability bias, mean bias and correlation resolving several perceived shortcomings in NSE. In 
Table 25 the scores associated to the different values of each metric are presented. As it is possible to 
observe score reduces as the value of the metric moves away from the best fit.  
 

R2 RMSE MAE L!Ω 

R2Җ0,50 0 RMSEҗ1 0 a!9җлΣс0 0 L!ΩҖл 0 

0,50<R2<0,75 0,50 0,50<RMSE<1 0,25 0,30<MAE<0,60 0,5 лғL!ΩғлΣр0 0,25 

0,75<R2Җм 1 лΣнрҖwa{9ғлΣрл 0,50 a!9ҖлΣо0 1 0,50ғL!ΩғлΣ75 0,50 

 RMSE<0,25 1  L!ΩҗлΣтр 1 

AIC BIC HQIC TYPE OF DATASET 

AICҗ10 0 BICҗ10 0 HQICҗ10 0 PRESS.HEAD 1 

7<AIC<10 0,25 7<BIC<10 0,25 7<HQIC<10 0,25 WATER CONT. 0,50 

пҖ!L/Җт 0,50 4ҖBICҖ7 0,50 4ҖHQIC<7 0,50 PH+wc 0,75 

AIC<4 1 BIC<4 1 HQIC<4 1   
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KGE NSE NSErel NSEj (j=1) 

YD9җлΣт 1 b{9Җл 0 NSErelҖл 0 b{9ƧҖл 0 

0,5<KGE<0,7 0,5 0<NSE<0,5 0,25 0<NSErel<0,5 0,25 0<NSEj<0,5 0,25 

лΣнрғYD9ҖлΣрл 0,25 лΣрҖb{9ҖлΣтр 0,50 лΣрлҖb{9relҖлΣтр 0,50 лΣрлҖb{9ƧҖлΣтр 0,50 

лҖYD9ҖлΣнр 0 лΣтрғb{9Җм 1 0,75<NSErelҖм 1 лΣтрғb{9ƧҖм 1 
Table 25: Scores associates to the different values of each metric used in phase 1 of the calibration programme 

In this first calibration phase each indirect simulation is examined (193 for the case study). The goal is to 
assign a significant score to each indirect simulation in order to draw up a final ranking that highlights the 
best performing simulations. 
To do so the type of input data and the accuracy of the simulation in describing flood and off-flood events 
are taken into consideration. In the definition of the final score metrics/indices and a system of weights 
attributed to the single metric and to the different groups of metrics are used. 
[Ŝǘϥǎ ǇǊƻŎŜŜŘ ǎǘŜǇ ōȅ ǎǘŜǇ ǘƻ ŘŜŦƛƴŜ ƻǳǊ ǎŎƻǊƛƴƎ ǎǘǊŀǘŜƎȅ ŦƻǊ ǘƘŜ ΨΩǿƘƻƭŜ ǎƛƳǳƭŀǘƛƻƴ ǇŜǊƛƻŘΩΩΣ ŦƻǊ ǘƘŜ ΨΩǇŜŀƪ 
ǇŜǊƛƻŘǎΩΩ ŀƴŘ ΨΩƻŦŦ-ǇŜŀƪ ǇŜǊƛƻŘǎΩΩΦ 
 

For each indirect simulation: 
 
EVALUATION OF THE PERFORMANCE ON THE WHOLE SIMULATION PERIOD 
 

¶ We evaluate the metrics which measure the distance between the model output and the observed 
data on the whole simulation period (R2, r2, MAE, RMSE, MRMSE, NSE, NSEj, NSErelΣ L!ΩΣ YD9Σ !L/Σ 
BIC, HQIC). 

¶ Table 22 defines how to assign a score to each metric depending on the closeness of its value to the 
best fit.  

¶ All the considered metrics are categorized into 8 major groups: see table 23a, first column.  

¶ In Table 23a second column, ǘƘŜ ǿŜƛƎƘǘ ό˖int) of each metric belonging to one of the 8 groups is set. 

¶ Lƴ ¢ŀōƭŜ ноŀ ǘƘƛǊŘ ŎƻƭǳƳƴΣ ǘƘŜ ǎƛƴƎƭŜ ǿŜƛƎƘǘ ό˖ext) attributed to each group of metrics is set. 

¶ Lƴ ¢ŀōƭŜ ноŀ ŦƻǳǊǘƘ ŎƻƭǳƳƴΣ ǘƘŜ Ŧƛƴŀƭ ǿŜƛƎƘǘ ό˖fin) attributed to each metric of the 8 groups is set. 
 
‫ ‫ ‫                                                                                                                                                                                                                 [equation 131] 

 
The indirect simulation achieves the maximum score (5,5) if all the metrics obtain the best score (1) in 
accordance with Table 25. 
[ŜǘΩǎ ƳŀƪŜ ŀƴ ŜȄŀƳǇƭŜ ŎƻƴǎƛŘŜǊƛƴƎ ƻƴƭȅ ǘƘŜ ƳŜǘǊƛŎǎ ƻŦ ƎǊƻǳǇ п όb{9Σ b{9j, NSErel). 
Assuming that NSE=0,85; NSEj=0,70; NSErel=0,78, according to Table 25 the scores are 1, 0,5 and 1 
respectively. 
¢ƘŜ ǾŀƭǳŜ ƻŦ ˖int is equal to 0,33 for the three metrics of group 4 
¢ƘŜ ǾŀƭǳŜ ƻŦ ˖ext  of group 4 is equal to 0,5. 
¢ƘŜ ǾŀƭǳŜ ƻŦ ˖fin is equal to 0,5*0,33=0,17 for each metric of group 4 
The score of group 4 (sgroup4) and the final score of the indirect simulation (ί  are the following in the 

considered case: 
 
ί ρz πȟρχπȟχπzπȟρχ ρz πȟρχ πȟτςυ 

 

ί В ί                                                                                                                                     [equation 132] 

Where i is the number of groups of metrics. 
 
EVALUATION OF THE PERFORMANCE ON THE PEAK PERIODS 
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Now the indirect simulation performance is investigated in the 12 flood periods, following a similar 
approach.  
 

¶ We evaluate the metrics which measure the distance between the model and the data at a certain 
flood event (R2, r2, MAE, RMSE, NSE, NSEj, NSErel, t-test). 

¶ Table 22 defines how to assign a score to each metric depending on the closeness of its value to the 
best fit.  

¶ All the considered metrics are categorized into 6 major groups: see table 23b, first column.  

¶ Lƴ ¢ŀōƭŜ ноō ǎŜŎƻƴŘ ŎƻƭǳƳƴΣ ǘƘŜ ǿŜƛƎƘǘ ό˖int) of each metric belonging to one of the 8 groups is set. 

¶ Lƴ ¢ŀōƭŜ ноō ǘƘƛǊŘ ŎƻƭǳƳƴΣ ǘƘŜ ǎƛƴƎƭŜ ǿŜƛƎƘǘ ό˖ext) attributed to each group of metrics is set. 

¶ Lƴ ¢ŀōƭŜ ноō ŦƻǳǊǘƘ ŎƻƭǳƳƴΣ ǘƘŜ Ŧƛƴŀƭ ǿŜƛƎƘǘ ό˖fin) attributed to each metric belonging to one of the 
8 groups is set. 

¶ We repeat the procedure for each flood period. At the end of the procedure we have 12 scores, 
one for each flood period. Table 25 gives the partition coefficients ci (weights attributed to each 
flood period) and the final score of the considered indirect simulation (ί  is computed as follows: 

 

ί В ὧВ ί                                                                                                                       [equation 133] 

 
Where j are the number of flood periods (12); ὧ is the partition coefficient, Ὥ is the number of groups of 

metrics (6). 
 
The indirect simulation achieves the maximum score (7,13) if all the metrics obtain the best score (1) in 
accordance with Table 25. 

  
EVALUATION OF THE PERFORMANCE ON THE OFF-PEAK PERIODS 
 
Now the indirect simulation performance is investigated at the 12 off-peak periods, following the same 
approach specified for the peak periods.  
 
The indirect simulation achieves the maximum score (2,38) if all the metrics obtain the best score (1) in 
accordance with Table 25. 
 
Consequently an indirect simulation can achieve the maximum score of 15 (5,5+7,13+2,38). 
 
A greater score is given to the flood peaks periods (7,13) compared to the score attributed to the drops of 
the river water level (2,38) and to the whole simulation period (5,5) because proposed methodology targets 
toward the final aim of the calibration which is the elaboration of a reliable pwp distribution in the most 
significant instants of the simulation. 
 
For a bank section in fine-grained materials, as the one in the presented case study, the most significant 
instants of the simulation are the floods more persistent in time that reached medium-high water levels. 
Off less interest for future stability analysis, the performance of the indirect simulations in the off-peak 
periods. Looking at the whole simulation period can be interesting because it could give an overall idea on 
the simulation performance without going into details. 
 
The score given to the flood peak-periods (7,13) is subdivided among the different peaks according to the 
water height reached and the persistence of the flood in time. The area of each flood has been measured 
then divided for the sum of the areas of the 12 floods that characterize the simulation period.  
 
The partition coefficient for each flood is equal to [see equation 134 and 135]: 
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ὧ  
В

                                                                                                                                    [equation 134] 

В Ã ρ                                                                                                                                                 [equation 135] 
 
where Ai is the area underneath the curve in the graph time -water height (m a.s.l), n is the number of 
flood-periods (12). In Figure 24 the areas of nine (over 12) flood-periods (ƴŀƳŜŘ ŦǊƻƳ ΨΩAΩΩ to ΨΩIΩΩΣ ǎŜŜ 
Figure 20) are presented. 
 
The procedure adopted to evaluate the partition coefficients for the off-peak periods is the same: partition 
coefficients are attributed according to the persistence of the period and the water level reached (floods of 
minor entity and relevance with respect to the 12 peaks are observed in these periods). 
To perform the inverse analysis, the whole set of available monitoring points has been used in the objective 
function in order to test the performance of the simulation in the prediction of the pwp and water content 
distributions in the different layers where sensors are available. 
 
In Table 26 a summary of the weights given to the chosen metrics is reported. The table is divided in the 
ǿŜƛƎƘǘǎ ƎƛǾŜƴ ǘƻ ǘƘŜ ǎƛƴƎƭŜ ƳŜǘǊƛŎǎ ƻŦ ŜŀŎƘ ƎǊƻǳǇ όΨΩƛƴǘŜǊƴŀƭ ǿŜƛƎƘǘΩΩύ ƛƴ ǘƘŜ ŦƛǊǎǘ ŎƻƭǳƳƴΣ ƛƴ ǘƘŜ ǿŜƛƎƘǘ ƎƛǾŜƴ 
to each group with respect to the other groups based on their relevance in the performance evaluation 
όΨΩŜȄǘŜǊƴŀƭ ǿŜƛƎƘǘΩΩύ ƛƴ ǘƘŜ ǎŜŎƻƴŘ ŎƻƭǳƳƴΣ ŀƴŘ ǘƘŜ Ŧƛƴŀƭ ǿŜƛƎƘǘ ƻōǘŀƛƴŜŘ ŀǎ ǘƘŜ ǇǊƻŘǳŎǘ ƻŦ ǘƘŜ ƛƴǘŜǊƴŀƭ 
weight for the external weight for each metric in the third column. The ΨΩŜȄǘŜǊƴŀƭ ǿŜƛƎƘǘǎΩΩ ŀǊŜ ǊŜǎǇƻƴǎƛōƭŜ 
of an equal subdivision of the weights between the group of metrics (efficiency metrics, accuracy metrics 
and model selection criteria) in order to have a final score for each simulation which is the equilibrated 
resulǘ ƻŦ ǘƘŜ ǎŎƻǊŜ ƻōǘŀƛƴŜŘ ŦƻǊ ŜŀŎƘ ǘȅǇŜ ƻŦ ƳŜǘǊƛŎΦ ¢ƘŜ ǎǳƳ ƻŦ ǘƘŜ ΨΩŦƛƴŀƭ ǿŜƛƎƘǘǎΩΩ ƻŦ ŜŀŎƘ ƳŜǘǊƛŎ ƛǎ Ŝǉǳŀƭ 
ǘƻ ǘƘŜ ƳŀȄƛƳǳƳ ǎŎƻǊŜ ǘƘŀǘ ŀ ǎƛƳǳƭŀǘƛƻƴ ŎƻǳƭŘ ƘŀǾŜ όрΣрл Ǉƻƛƴǘǎ ŦƻǊ ǘƘŜ ΨΩǿƘƻƭŜ ǇŜǊƛƻŘΩΩΣ тΣмо Ǉƻƛƴǘǎ ŦƻǊ ǘƘŜ 
ΨΩǇŜŀƪ -ǇŜǊƛƻŘǎΩΩΣ нΣоу ŦƻǊ ǘƘŜ ΨΩƻŦŦ-peaƪ ǇŜǊƛƻŘǎΩΩύΦ 
 

 
Figure 24: Area of each flood under the curve  water height (m a.s.l.)-time (hydrograph) 
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In Table 27 the partition coefficients ci are reported for each pick-period. The points Pi for each period are 
calculated as follows: 
If Si is the score related to the i_th flood, the final score related to the indirect simulation is: 
 

Ὓ В ὧϽὛ                                                                                                                                           [equation 136] 
 
The maximum score for the i-th peak-period: 
 
ÍÁØ ͅὛ ὧϽχȟρσ 
В ÍÁØ ͅὛ χȟρσ                                                                                                                                 [equation 137] 
 
Similarly the maximum score for the i-th off-peak period is: 
 
ÍÁØ ͅὛ ὧϽςȟσψ 
В ÍÁØ ͅὛ ςȟσψ                                                                                                                                 [equation 138] 
 
For each simulation, the points from the evaluation of the performance on the ΨΩǿƘƻƭŜ simulation ǇŜǊƛƻŘΩΩ 
and on the ΨΩǇŜŀƪ and off-peak periodsΩΩ are summed.  
 
The simulations whose final score is greater than 7,5/15 are considered acceptable and they will undergo 
the second phase of the calibration programme. 
 
It is relevant to notice that in the preliminary phase (chapter §7_2) no scores have been given based on the 
goodness of the values of the metrics. It has been chosen only a range of acceptance (e.g. for the 
coefficient of determination R2 between 0,5-1 acceptable, between 0-0,5 not acceptable) while for the first 
phase of the calibration the score is in some way proportional to the goodness of the metrics. The main 
reason is that the first phase is a refined method of investigation of the set of available inverse analysis. The 
main goal is the identification of the most promising simulations which will pass to the next calibration 
phase while the preliminary phase is intended as a rapid initial analysis, unable to hierarchize the set of 
simulations but select only the groups of simulations that reach a minimum performance. 
 

Table 27a 

GROUP OF METRICS 
APPLIED TO THE  

WHOLE 
SIMULATION PERIOD 

INTERNAL 
WEIGHT OF 

EACH METRIC 

EXTERNAL WEIGHT 
(WITH RESPECT TO 

THE OTHER GROUPS 
OF METRICS) 

FINAL WEIGHT OF 
EACH METRIC 

R
2
  r

2
 0,5           0,5 1 0,5             0,5 

RMSE   RMSEmodif 0,4           0,6 0,5 0,2             0,3 
MAE 1 0,5 0,5 
NSE   NSErel   NSEj 0,3   0,3   0,3 0,5 0,17   0,17   0,17 
L!Ω 1 0,5 0,50 
Type of measurement 1 for PH, 

 0,5 for wc, 
0,75 for 
PH+wc 

1 1 

AIC   BIC   HQIC 0,3   0,3   0,3 1 0,33    0,33    0,33 
KGE 1 0,5 0,5 
sum   5,50 
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Table 27b 

GROUP OF METRICS 
APPLIED TO THE  

PEAK 
PERIODS 

INTERNAL 
WEIGHT OF 

EACH METRIC 

EXTERNAL WEIGHT 
(WITH RESPECT TO 

THE OTHER GROUPS 
OF METRICS) 

FINAL WEIGHT OF EACH 
METRIC 

R
2
   r

2
 0,5           0,5 1,43 0,71            0,71 

MAE 1 1,43 1,43 
RMSE 1 1,43 1,43 
NSE   NSErel   NSEj 0,3   0,3   0,3 0,71 0,24   0,24   0,24 
L!Ω 1 0,71 0,71 
hlogic 1 1,43 1,43 
sum   7,13 

 

Table 27c 

GROUP OF METRICS 
APPLIED TO THE 

 OFF-PEAK PERIODS 

INTERNAL 
WEIGHT OF 

EACH METRIC 

EXTERNAL WEIGHT 
(WITH RESPECT TO 

THE OTHER GROUPS 
OF METRICS) 

FINAL WEIGHT OF 
EACH METRIC 

R2     r2 0,5           0,5 0,48 0,24            0,24 
MAE 1 0,48 0,48 
RMSE 1 0,48 0,48 
NSE    NSErel       NSEj 0,3   0,3   0,3 0,24 0,08   0,08   0,08 
L!Ω 1 0,24 0,24 
hlogic 1 0,48 0,48 
sum   2,38 

Table 26a,b,c: Summary of the weights attributed to the metrics for the evaluation of the performance on the ΨΩǿƘƻƭŜ ǎƛƳǳƭŀǘƛƻƴ 
ǇŜǊƛƻŘΩΩ όŦƛǊǎǘ ǘŀōƭŜύΣ ΨΩǇŜŀƪ-ǇŜǊƛƻŘǎΩΩ όǎŜŎƻƴŘ ǘŀōƭŜύ ŀƴŘ ΨΩƻŦŦ-ǇŜŀƪ ǇŜǊƛƻŘΩΩόǘƘƛǊŘ ǘŀōƭŜύΦ The internal weight (with respect to the 
other metrics of the group), external weights (with respect to the other groups of metrics) and the final weight (attributed to 
each metric) are specified. 

 

 A B C D E F G H I L M N SUM 
PARTITION 
COEFF 
FOR EACH 
PEAK 
PERIOD 

0,003 0,0004 0,213 0,016 0,024 0,006 0,419 0,235 0,067 0,005 0,007 0,004 

 

MAX 
SCORE 
FOR EACH 
PEAK 
PERIOD 

0,023 0,003 1,518 0,115 0,171 0,041 2,985 1,675 0,480 0,039 0,050 0,026 7,13 

 AΩ BΩ CΩ DΩ EΩ FΩ GΩ HΩ IΩ LΩ MΩ NΩ SUM 
PARTITION 
COEFF 
FOR EACH 
OFF-PEAK 
PERIOD 

0,14 0,12 0,05 0,25 0,06 0,03 0,03 0,01 0,04 0,11 0,04 0,11 

 

MAX 
SCORE 
FOR EACH 
OFF-PEAK 
PERIOD 

0,33 0,29 0,12 0,60 0,14 0,08 0,08 0,04 0,09 0,26 0,09 0,26 2,38 

Table 27:The table shows the partition coefficients , which allow a subdivision of the points in the different flood peak-periods 
and off- peak-periods. 
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In Table 28 the statistics of the first phase of the calibration are presented. The initial number of 
simulations is 193, the number of acceptable simulations (with score >7,5/15) is 155 (80% of the initial 
number of simulations). The 60,6% of the acceptable simulations have a score between 7-9; the 20% 
between 9-11, 18,1% between 11-13 and 1,3% between 13-15. 
 

Max score 15 

Threshold value 7,5 

Initial n° of simulations 193 

n° of accepted simulations 155 

n° of excluded simulations 38 

n° of simulations with score between 7-9 94 

n° of simulations with score between 9-11 31 

n° of simulations with score between 11-13 28 

n° of simulations with score between 13-15 2 
Table 28: Statistics of the indirect simulations tested in the first phase of the calibration process. 

 
To perform an easy and rapid comparison between the results of the preliminary phase and the first phase 
of the calibration, the groups of inverse analysis could be considered instead of an analysis simulation by 
simulation (very difficult due to their high number). As reported in chapter §7_2, considering the average 
value of a metric as representative of a group of inverse analysis is legitimate because the interval of 
variance of these values is extremely limited within the same group (as could be observed also in Table 

33) and for this reason the average value is a good indicator of the performance of a group. 
Table 29 presents the number of successful simulations in each group of inverse analysis that have 
overcome the first calibration phase (third column) and the percentage of successful simulations in each 
group with respect to the initial number (fourth column). The fifth column presents the hydraulic 
parameters optimized in each group of inverse analysis. As could be observed in Table 29: 

- -the higher percentage of successful simulations (that overcome the first calibration phase) is 
observed for the VGM (87%) and the lower for the VGM-2cm (26%). 

- -the higher percentage of successful simulations is observed for the HVGM using a mixed dataset of 
observation points (wc+PH) (71%) and for the VGM using a PH dataset (81%). The performances of 
the indirect simulations using a dataset of type ΨΩwater contentΩΩ are poorer compared to the same 
simulations (that optimise the same set of parameters and using the same weighting distribution) 
that use a PH or wc+PH dataset. 

- -The use of the weighting distribution TMA assures the lower percentage of successful simulations 
(23% for the VGM; 17% for the HVGM). 

- -The VGM-2cm shows the lower percentage of successful simulations (which means a poor 
performance of the simulations) using both the weighting distribution w=1 (27%)and w=TMA 
(25%). 
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Table 29: The table presents the n° of indirect simulations in each group of inverse analysis that have overcome the first 
calibration phase (third column) and the % of these simulations with respect to the initial number of simulations in the same 
group (fourth column). In the last column the hydraulic parameters that are optimized in each group (we have to remember that 
for the groups of inverse analysis that optimize more than one layer at a time, a set of optimized parameters is obtained for each 
layer). The groups of inverse simulations that present zero successful simulations (performance below the imposed threshold) 
will be excluded from the second calibration phase as 1_1_36; 1_1_41; 1_1_45; 1_1_47; 1_1_42; 1_1_46; 1_1_37 and 1_1_34.  

Table 30 presents the percentages of successful simulation for hydraulic model (HVGM, VGM, VGM-2cm) 
and layer whose parameters are optimized (embankment, fluvial, foundation, aquifer, embankment+fluvial, 
embankment+foundation, embankment+foundation+fluvial). As it is possible to observe: 

GROUPS OF INVERSE ANALYSIS IDENT. CODE

N° OF 

SUCCESSFUL 

SIMULATIONS

%  SUCCESSFUL 

SIMULATIONS
OPTIMIZED PARAMETERS

HVGM_emb_PH_w=1 1_1_1 13 100 s̒, r̒,k,n, h ,kw, wh, m̒

HVGM_emb_wc_w=1 1_1_2 8 100 s̒, r̒,k,n, h ,kw, wh, m̒

HVGM_emb_PH_w=1 1_1_3 14 100 s̒, r̒,k,n, h , wh, m̒

HVGM_emb_wc_w=1 1_1_4 8 100 s̒, r̒,k,n, h , wh

HVGM_emb_PH_w=TMA 1_1_36 0 0 -

HVGM_fluv_wc_w=1 1_1_7 5 100 s̒, r̒,k,ʰ

HVGM_fluv_wc_w=TMA 1_1_39 3 100 s̒, r̒,k

HVGM_found_PH_w=1 1_1_9 9 100 s̒, r̒,k,n, h

HVGM_found_PH_w=TMA 1_1_41 0 0 -

HVGM_aquifer_PH_w=1 1_1_17 9 100 s̒, r̒,k,n, h ,kw

HVGM_emb+found_PH_w=1 1_1_13 8 100 s̒, r̒,k,ʰ

HVGM_emb+found_PH_w=TMA 1_1_45 0 0 -

HVGM_emb+found+fluv_PH+wc_w=1 1_1_15 5 100 r̒,k, ,h wh

HVGM_emb+found+fluv_PH+wc_w=TMA 1_1_47 0 0 -

HVGM_emb+fluv_wc_w=1 1_1_11 2 100 s̒,ʰ

VGM_emb_PH_w=1 1_1_5 12 100 s̒, r̒,k,n, h

VGM_emb_WC_w=1 1_1_6 5 100 s̒,k,n,ʰ

VGM_fluv_w.c._w=1 1_1_8 4 100 s̒,k,ʰ

VGM_found_PH_w=1 1_1_10 12 100 s̒, r̒,k,n, h

VGM_found_PH_w=TMA 1_1_42 0 0 -

VGM_aquifer_PH_w=1 1_1_18 13 100 s̒, r̒,k,n, h

VGM_emb+found_PH_w=1 1_1_14 7 100 s̒, r̒,k,n, h

VGM_emb+found_PH_w=TMA 1_1_46 0 0 -

VGM_emb+found+fluv_PH+wc_w=1 1_1_16 8 100 s̒, r̒,k,n,ʰ

VGM_emb+fluv_wc_w=1 1_1_12 1 100 s̒

VGM_emb_PH_w=TMA 1_1_37 0 0 -

VGM_emb+fluv_wc_w=TMA 1_1_44 2 100 s̒,k,n,h

VGM_fluv_wc_w=TMA 1_1_40 1 100 k

VGM+2cm_emb_wc_w=1 1_1_20 2 100 n,h

VGM+2cm_fluvial_WC_weight=TMA 1_1_56 3 25 s̒,k,n, h , r̒
VGM+2cm_emb+fluv_PH_weight=1 1_1_28 1 100 k,n

VGM+2cm_aquifer_PH_weight=1 1_1_34 0 0 -

% of accepted simulations_VGM 0,87 % of accepted simul_VGM_w=1 1

% of accepted simulations_HVGM 0,85 % of accepted simul_VGM_w=TMA 0,23

% of accepted simulations_VGM+2cm 0,26 % of accepted simul_HVGM_w=1 1

% of accepted simulations_HVGM_PH 0,80 % of accepted simul_HVGM_w=TMA 0,17

% of accepted simulations_HVGM_wc 1,00 % of accepted sim_VGM+2cm_w=1 0,27

% of accepted simulations_HVGM_wc+PH 0,71 % of accep. sim_VGM+2cm_w=TMA 0,25

% of accep. simulations_VGM_PH 0,81

% of accep.simulations_VGM_wc 1,00

% of accep simul._VGM_wc+PH 1,00
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¶ the HVGM has difficulties in the optimization of the hydraulic parameters of the foundation layer 
(60% of successful simulations after applying the first phase of the calibration) and in the 
optimization of groups of layers (73% for embankment+foundation and 71% 
embankment+foundation+fluvial). Almost the same percentages are observed for the VGM. The 
difficulties encountered in the optimization of the foundation layer could be linked to the lower 
number of observation points/sensors located in this layer (3 sensors monitoring the water 
potential) with respect to the other layers. For the same reason the optimization of groups of layers 
that include the foundation shows a poor performance (comparison between embankment+fluvial 
and embankment+foundation) 

¶ No successful simulations optimizing 2 or more layers are available for the HVGM-2cm. Unlike what 
has been found for VGM and HVGM, the optimization of the hydraulic parameters of the fluvial 
layer shows the greatest difficulties for VGM-2cm (although it must be emphasized the lower initial 
number of indirect simulations available for this hydraulic model). 

 

 HVGM VGM VGM-2cm 
n° of indirect simulations for the 
optimization of the embankment 
layer 

43 (91%) 17 (94%) 2 (100%) 

n° of indirect simulations for the 
optimization of the fluvial layer 

8 (100%) 5 (100%) 3 (25%) 

n° of indirect simulations for the 
optimization of the foundation 
layer 

9 (60%) 12 (67%) 1 (100%) 

n° of indirect simulations for the 
optimization of the aquifer layer 

9 (100%) 13 (100%) 0 

n° of indirect simulations for the 
optimization of the 
embankment+fluvial layers 

2 (100%) 3 (100%) 0 

n° of indirect simulations for the 
optimization of the 
embankment+foundation layers 

8 (73%) 7 (70%) 0 

n° of indirect simulations for the 
optimization of the 
embankment+foundation+fluvial 
layers 

5 (71%) 8 (100%) 0 

sum 84 65 6 
total n° of successful simulations 
that have overcome the 1st phase  

155 

%successful simulations with 
respect to the initial number  

80% 

Table 30: Number of simulations that have overcome the first phase of the calibration subdivided for layer and hydraulic model 
(HVGM, VGM, VGM-2cm). In round brackets the percentage of simulations that have passed the second phase with respect to 
the initial number of simulations falling into that category. 

In Table 31 the scores of the different groups of inverse analysis are reported. For each group of inverse 
analysis the scores of its successful simulations are summed.  
The third and seventh columns present the scores assigned to the groups of inverse analysis in the first 
phase of the calibration process. The best score is the highest value while the worst score is the lowest 
value and a chromatic scale from green (best score) to red (lower score) helps in visualizing the results. The 
fourth and eighth columns report the excluded groups of inverse analysis whose indirect simulations do not 
overcome the 1st calibration phase. The 7 groups of inverse analysis excluded in the preliminary phase of 
the calibration process (see chapter §7_2) have been included in the analysis and are coloured in red (1st 
column) (1_1_36; 1_1_41; 1_1_45; 1_1_47; 1_1_42; 1_1_46 and 1_1_37).  
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As it is possible to observe the score assigned to these groups confirms again their poor performance also 
in the first calibration phase. The classification carried out in the first phase is more stringent than the one 
operated in the preliminary phase and globally the performance of the indirect simulations seems poorer in 
this phase. In fact, a part from the 7 groups of inverse simulations excluded in the preliminary phase, 
problems in the performance of other groups of simulations are individuated in the first phase of the 
calibration (as for VGM_fluvial_wc_w=TMA; VGM+2cm_foundation_PH_w=1 and 
VGM+2cm_aquifer_PH_w=1). 
This is due to the fact that this phase looks at the performance of the simulations in the peak and off-peak 
periods separatelȅΣ ƎƛǾƛƴƎ ƳƻǊŜ ΨΩǿŜƛƎƘǘΩΩ ǘƻ ǘƘŜ performance during flood events while in the preliminary 
phase only the global behaviour of the simulation was under scrutiny. As it is possible to observe in Table 

31: 

¶ The fluvial layer could be optimized with good results using any investigated hydraulic model and 
any weighting distribution (w=1 and w=TMA). 

¶ The foundation layer shows difficulties in the optimization of its hydraulic parameters in all the 
analysed casuistries (w=1 or w=TMA using HVGM, VGM or VGM-2cm). 

¶ The indirect simulations that optimize the aquifer layer (saturated permeability) show a 
performance sufficiently good (HVGM shows the highest score). 

¶ The indirect simulations optimizing the embankment layer show the best performance and with 
great probability, this is due to the fact that an higher number of sensors (monitoring wc and pwp) 
is installed in this layer with respect to the other layers. A greater number of observation points of 
high-quality has, with absolute certainty, a relevant impact on the inverse analysis performance, 
leading to a better set of optimized parameters. 

¶ It is important to highlight that the groups of inverse analysis 1_1_22 and 1_1_25 that optimize the 
hydraulic parameters of three layers together show a very good performance and this is a very 
positive fact because a good calibration programme should aim to enhance the predictions of as 
many layers as possible in multi-layered domains. 

¶ As could be observed, 23 groups of inverse analysis (over 33) overcome the first calibration phase 
(rejection of 10 groups). 

¶ Looking at the groups of inverse analysis that do not overcome the first calibration phase, it is 
possible to observe that 8/10 groups use a TMA weighting distribution and the remaining 2/10 
groups use the hydraulic model VGM-2cm. As observed also in Table 29, in general a poorer 
performance of the indirect simulations is observed for the weighting distribution TMA (with 
respect to all weights=1) and the hydraulic model VGM-2cm (with respect to VGM and HVGM). 

 
The representation of Table 31 allows to individuate the groups of inverse analysis that improve the most 
the model performance. Due to the high number of investigated indirect simulations, it is often difficult or 
impossible to look at the results of each single simulation and be able to draw general conclusions on the 
calibration programme, f.e where the major problems have been detected in the simulation performance 
looking at the values of the set of metrics. 
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Table 31: Scores attributed to each group of inverse analysis in the first phase of the calibration. A coloured scale helps the 
modeller to visualize the different performance (green for the higher performance, red for the poorer performance). It is 
relevant to report that the groups of simulations 1_1_11; 1_1_12; 1_1_37; 1_1_40; 1_1_44 are composed of a number of 
successful simulations Җо. 

Table 32 helps in understanding where the considered groups of inverse analysis show problems in the 
fitting between observed and simulated data. To do so, the behaviour of the different ΨΩƎroup of metricsΩΩ 
(accuracy metrics, efficiency metrics and model selection criteria) is investigated for each group of inverse 
analysis by using our scoring strategy. 
 
¢ƘŜ ŎƻƴǎƛŘŜǊŜŘ ΨΩƎǊƻǳǇǎ ƻŦ ƳŜǘǊƛŎǎΩΩ, whose points are summed up, are the following: 

¶ the accuracy metrics for the whole period: RMSE, MAE, R2. 

¶ -the efficiency metrics for the whole period : NSE, NSErel, NSEjΣ !LΩΦ 

¶ the model performance metrics for the whole period: AIC, BIC, HQIC. 

¶ the efficiency metrics for the flood peak periods :NSE, NSErel, NSEjΣ !LΩΦ 

¶ the accuracy metrics for the flood peak periods: RMSE, MAE, R2. 

¶ the efficiency metrics for the off-peak periods: NSE, NSErel, NSEjΣ !LΩΦ 

¶ the accuracy metrics for the off-peak periods :RMSE, MAE, R2. 
 
A chromatic scale has been used for the ease of the table reading: green for the maximum score of each 
group of metrics and red for the lowest score. As it is possible to observe the efficiency metrics show lower 
scores (poorer performance of the simulations) with respect to the accuracy metrics, in particular the 
efficiency metrics of the off-peak periods which are close to the lower limit of acceptance. Table 32 helps 
understanding where the problem related to a low performance of a group of metric stays f.e. the groups 

HVGM_emb_PH_w=1 1_1_1 8,7 ACCEPTED

HVGM_emb_WC_w=1 1_1_2 11,1 ACCEPTED 

HVGM_emb_PH_w=1 1_1_3 8,8 ACCEPTED

HVGM_emb_WC_w=1 1_1_4 10,5 ACCEPTED 

HVGM_emb_PH_w=TMA 1_1_36 5,2 REJECTED

HVGM_fluv_WC_w=1 1_1_7 9,7 ACCEPTED

HVGM_fluv_WC_w=TMA 1_1_39 8,6 ACCEPTED

HVGM_found_PH_w=1 1_1_9 7,7 ACCEPTED

HVGM_found_PH_w=TMA 1_1_41 3,1 REJECTED

HVGM_aquifer_PH_w=1 1_1_17 7,7 ACCEPTED

HVGM_emb+found_PH_w=1 1_1_13 9,0 ACCEPTED

HVGM_emb+found_PH_w=TMA 1_1_45 4,7 REJECTED

HVGM_emb+found+fluv_PH+WC_w=1 1_1_15 11,1 ACCEPTED

HVGM_emb+found+fluv_PH+WC_w=TMA1_1_47 4,5 REJECTED

HVGM_emb+fluv_wc_w=1 1_1_11 12,8 ACCEPTED

VGM_emb_PH_w=1 1_1_5 8,6 ACCEPTED

VGM_emb_WC_w=1 1_1_6 11,0 ACCEPTED 

VGM_fluv_WC_w=1 1_1_8 9,6 ACCEPTED

VGM_found_PH_w=1 1_1_10 6,7 ACCEPTED

VGM_found_PH_w=TMA 1_1_42 3,10 REJECTED

VGM_aquifer_PH_w=1 1_1_18 8,2 ACCEPTED

VGM_emb+found_PH_w=1 1_1_14 9,0 ACCEPTED

VGM_emb+found_PH_w=TMA 1_1_46 4,6 REJECTED

VGM_emb+found+fluv_PH+WC_w=1 1_1_16 11,0 ACCEPTED

VGM_emb+fluv_WC_w=1 1_1_12 9,4 ACCEPTED

VGM_emb_PH_w=TMA 1_1_37 5,6 REJECTED

VGM_emb+fluv_WC_w=TMA 1_1_44 9,6 ACCEPTED

VGM_fluv_WC_w=TMA 1_1_40 5,6 REJECTED

VGM+2cm_embank_WC_w=1 1_1_20 11,2 ACCEPTED

VGM+2cm_fluvial_WC_w=TMA 1_1_56 9,5 ACCEPTED

VGM+2cm_foundation_PH_w=1 1_1_26 5,2 REJECTED

VGM+2cm_emb+fluv_PH_w=1 1_1_28 10,0 ACCEPTED

VGM+2cm_aquifer_PH_w=1 1_1_34 6,5 REJECTED

GROUP OF INVERSE ANALYSIS
IDENT. 

CODE 
SCORE_1

st 

CALIBRATION PHASE 
ACCEPTANCE
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of inverse analysis that optimize the foundation and aquifer layers show problems in the simulation of the 
flood peak periods (see in particular the values of the accuracy metrics for the foundation layer and the 
values of the efficiency metrics for the aquifer layer). As observed also in the preliminary phase (chapter 
§7_2), in general, the weighting distribution TMA shows a lower performance with respect to the simple 
and uniform weighting distribution equal to unity (w=1). The model performance evaluation metrics have 
scores closer to the lower edge for almost all the groups of inverse analysis that use the TMAT (only 
exception VGM-2cm_fluvial_wc_weight=TMA). 
 

 
Table 32: The table presents the score attributed to each group of metrics (accuracy, efficiency, model selection criteria) for each 
group of inverse analysis in order to visualize easily which groups show problems in the fitting between observed and simulated 
datasets. 

In Table 33 the attention is focused on the single indirect simulations (only a small part of the 193 analysed 
indirect simulations are presented here for a sake of brevity). The scores of each ΨΩgroup of metricsΩΩ 
(accuracy, efficiency, model selection criteria) are reported here for each indirect simulation. Some groups 
of metrics do not show a change in the score between the simulations, this means that variations in the 
values of the metrics are small enough to not change the score associated to the metrics. The positive 
aspect is that at least one group of metrics always shows changes within the same group of inverse 
analysis. The groups of metrics that show changes within the same group of inverse analysis are coloured in 
blue. In the last column the final score obtained summing the score of each group of metrics has been 
reported.  
 
Table 33 ǎƘƻǿǎ ŎƭŜŀǊƭȅ ǿƘȅ ǘƘŜ ƳŜŀƴ ƻŦ ǘƘŜ ǾŀƭǳŜǎ ƻŦ ŀ ΨΩƎǊƻǳǇ ƻŦ ƳŜǘǊƛŎǎΩΩ ƛǎ ŀǇǇǊƻǇǊƛŀǘŜ ǘƻ ŘŜǎŎǊƛōŜ ǘƘŜ 
behaviour of a group of inverse analysis (as done in Table 31 and Table 32): the metrics of the simulations 
belonging to the same group are arranged in a narrow interval and the scores associated to these metrics 
accordingly differ only slightly. Nevertheless we have to remember that the three phases of the calibration 

ACCURACY 

METRICS-WHOLE 

PERIOD

EFFICIENCY 

METRICS-

WHOLE PERIOD

MODEL 

PERFORMANCE 

EVALUATION- WHOLE 

PERIOD

EFFICIENCY 

METRICS-PEAK 

PERIODS

ACCURACY 

METRICS-PEAK 

PERIODS

EFFICIENCY 

METRICS OFF-

PEAK PERIODS

ACCURACY 

METRICS OFF-

PEAK PERIODS

HVGM_emb_PH_w=1 1_1_1 1,4 0,83 0,54 1,29 1,89 0,43 0,84

HVGM_emb_WC_w=1 1_1_2 1,8 0,30 1,00 0,66 4,54 0,07 1,43

HVGM_emb_PH_w=1 1_1_3 1,4 0,83 0,54 1,29 1,93 0,43 0,84

HVGM_emb_WC_w=1 1_1_4 1,6 0,27 1,00 0,59 4,23 0,06 1,43
HVGM_emb_WC_w=TMA 1_1_36 0,8 0,37 0,00 0,63 1,43 0,21 0,48

HVGM_fluv_WC_w=1 1_1_7 1,9 0,50 1,00 0,39 3,63 0,05 1,04

HVGM_fluv_WC_w=TMA 1_1_39 1,8 0,26 1,00 0,11 3,62 0,00 1,01

HVGM_found_PH_w=1 1_1_9 0,6 0,37 1,00 0,63 0,45 0,15 0,42

HVGM_found_PH_w=TMA 1_1_41 0,0 0,42 0,00 0,62 0,48 0,15 0,43

HVGM_aquifer_PH_w=1 1_1_17 1,4 0,37 1,00 0,00 2,01 0,05 1,00

HVGM_emb+found_PH_w=1 1_1_13 1,4 0,75 0,50 1,32 1,87 0,28 0,78

HVGM_emb+found_PH_w=TMA 1_1_45 0,9 0,31 0,25 0,70 1,19 0,15 0,48

HVGM_emb+found+fluv_PH+WC_w=1 1_1_15 1,6 0,92 0,50 1,36 2,68 0,45 1,14

HVGM_emb+found+fluv_PH+WC_w=TMA1_1_47 1,0 0,29 0,00 0,68 1,27 0,14 0,48

HVGM_emb+fluv_wc_w=1 1_1_11 1,8 0,15 0,00 0,34 0,64 0,07 0,24

VGM_emb+fluv_wc_w=1 1_1_12 1,3 0,61 0,67 1,03 3,13 0,29 0,95

VGM_emb_PH_w=TMA 1_1_37 1,0 0,42 0,00 0,66 1,43 0,19 0,48

VGM_emb+fluv_wc_w=TMA 1_1_44 17,8 0,40 1,00 0,71 3,70 0,23 1,15

VGM_emb_PH_w=1 1_1_5 1,4 0,81 0,54 1,28 1,89 0,43 0,83

VGM_emb_WC_w=1 1_1_6 1,5 0,33 1,00 0,64 4,25 0,09 1,43

VGM_fluv_WC_w=1 1_1_8 2,0 0,52 1,00 0,33 3,70 0,00 1,01

VGM_found_PH_w=1 1_1_10 0,5 0,37 1,00 0,64 0,47 0,15 0,40

VGM_found_PH_w=TMA 1_1_42 0,0 0,42 0,00 0,62 0,48 0,15 0,43

VGM_aquifer_PH_w=1 1_1_18 0,9 0,37 1,00 0,08 1,81 0,03 0,78

VGM_emb+found_PH_w=1 1_1_14 1,4 0,75 0,50 1,32 1,87 0,29 0,78

VGM_emb+found_PH_w=TMA 1_1_46 0,9 0,33 0,00 0,74 1,14 0,15 0,48

VGM_emb+found+fluv_PH+WC_w=1 1_1_16 1,6 0,92 0,50 1,35 2,64 0,45 1,12

VGM_fluv_wc_w=TMA 1_1_40 1,0 0,42 0,00 0,66 1,43 0,19 0,48

VGM+2cm_embankment_WC_weight=1 1_1_20 1,8 0,29 1,00 0,50 4,28 0,04 1,43

VGM+2cm_fluvial_WC_weight=TMA 1_1_24 1,9 0,46 1,00 0,36 3,67 0,01 1,00

VGM+2cm_foundation_PH_weight=1 1_1_26 0,5 0,37 1,00 0,56 0,67 0,16 0,49

VGM+2cm_emb+fluv_PH_w=1 1_1_28 2,0 0,13 1,00 0,16 4,22 0,00 1,42

VGM+2cm_aquifer_PH_weight=1 1_1_34 0,9 0,37 1,00 0,17 1,94 0,03 0,79

MAX SCORE 2,00 1,01 1,00 1,43 4,28 0,48 1,44

GROUPS OF INVERSE ANALYSIS
IDENT. 

CODE

RMSE, MAE, R
2 NSE, NSErel, 

NSEj AI'
AIC BIC HQIC

NSE, NSErel, NSEj 

AI'
RMSE, MAE, R

2 NSE, NSErel, 

NSEj AI'
RMSE, MAE, R

2
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programme are applied to the single indirect simulation and the average behaviour of the groups of inverse 
analysis is investigated for a need of general overview on the performance of the whole set of indirect 
simulations and for a need of reporting the main result of each phase in a comprehensive manner. 
 
The first phase of the calibration is based on a scoring system which has the purpose of eliminating from 
future phases the simulations that show a performance lower than a certain threshold.  
The scoring method allows also a hierarchization of the indirect simulations (from the best to the worst) 
that is useful at the end of the calibration process when it is necessary to establish the final set of optimized 
parameters for the investigated hydraulic models. But, as seen in Table 33, simulations belonging to the 
same group of inverse analysis show often similar performances so in order to perform an univocal 
hierarchization, in phase 3 of the calibration, the scoring method will be substituted by a direct comparison 
of the performance of each simulation with the performance of the base simulation (which uses the initial 
set of hydraulic parameters). As already reported in the previous chapters, the initial set of hydraulic 
parameters is composed of the average value of each hydraulic property that come from the laboratory 
tests performed on the soils of the bank section (evaporation tests discussed in chapter §3_2). In this way, 
the enhancements in the model performance introduced by every indirect simulation will be individuated 
by comparison ǿƛǘƘ ŀ ǊŜŦŜǊŜƴŎŜ ΨΩǇŜǊŦƻǊƳŀƴŎŜΩΩΦ The set of hydraulic parameters that show the greater 
ǉǳŀƴǘƛǘŀǘƛǾŜ ŜƴƘŀƴŎŜƳŜƴǘ ǿƛǘƘ ǊŜǎǇŜŎǘ ǘƻ ǘƘŜ ΨΩǊŜŦŜǊŜƴŎŜ ǎƛƳǳƭŀǘƛƻƴΩΩ ǊŜǇǊŜǎŜƴǘǎ ǘƘŜ Ŧƛƴŀƭ ǊŜǎǳƭǘ ƻŦ ǘƘŜ 
whole calibration programme. 
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Table 33: Examples of the scores attributed to each indirect simulation belonging to a certaiƴ ΨΩƎǊƻǳǇ ƻŦ ƛƴǾŜǊǎŜ ŀƴŀƭȅǎƛǎΩΩ in the 
first phase of the calibration. In blue the scores that show a change within ǘƘŜ ǎŀƳŜ ΨΩƎǊƻǳǇ ƻŦ ƛƴǾŜǊǎŜ ŀƴŀƭȅǎƛǎΩΩΦ In the last 
column on the right side, the sum of the scores for each indirect simulation. 

  

ACCURACY 

METRICS-

WHOLE PERIOD

EFFICIENCY METRICS-

WHOLE    PERIOD

MODEL 

PERFORMANCE 

EVALUATION- 

WHOLE PERIOD

EFFICIENCY 

METRICS-PEAK 

PERIODS

ACCURACY 

METRICS-PEAK 

PERIODS

EFFICIENCY 

METRICS OFF-

PEAK PERIODS

ACCURACY 

METRICS   OFF-

PEAK PERIODS

TOT SCORE 

1_3_2 k 1,375 0,833 0,500 1,310 1,865 0,441 0,813 7,137

1_3_4 s̒ 1,375 0,833 0,500 1,310 1,865 0,441 0,813 7,137

1_3_5 n 1,375 0,833 0,500 1,310 1,697 0,441 0,813 6,969

1_3_7 whet 1,375 0,833 0,500 1,310 1,865 0,441 0,813 7,137

1_3_9 k,ʰ 1,375 0,833 0,500 1,310 1,913 0,441 0,813 7,185

1_3_10 k, s̒ 1,375 0,833 0,500 1,310 1,745 0,441 0,813 7,017

1_3_11 k, n  1,375 0,833 0,500 1,310 1,697 0,441 0,813 6,968

1_3_12 ,h s̒  1,375 0,833 0,500 1,310 1,697 0,441 0,813 6,969

1_3_13 ,h s̒,k  1,375 0,833 0,500 1,310 1,865 0,441 0,813 7,137

1_3_14 ,h s̒,k,n  1,375 0,833 0,500 1,310 1,913 0,441 0,813 7,185

1_3_15 r̒  1,375 0,833 0,500 1,310 1,865 0,441 0,813 7,137

1_3_16 r̒,k  1,375 0,833 0,500 1,310 1,697 0,441 0,813 6,969

1_3_17 ,h s̒,k,n, ̒ r 1,375 0,833 0,500 1,310 1,913 0,441 0,813 7,185

1_3_13 m̒, kwet, h wet 1,375 0,833 0,500 1,310 1,865 0,441 0,813 7,137

VWC_HVGM_EMBANKMENT

1_4_1 k 1,500 0,125 0,999 0,476 4,392 0,032 1,425 8,949

1_4_2 ʰ 2,000 0,375 0,999 0,774 4,690 0,106 1,425 10,369

1_4_3 s̒ 1,500 0,333 0,999 0,585 4,690 0,080 1,425 9,613

1_4_4 r̒ 1,500 0,125 0,999 0,448 4,690 0,026 1,425 9,213

1_4_5 n 1,500 0,250 0,999 0,448 4,690 0,026 1,425 9,338

1_4_6 k,ʰ 1,500 0,417 0,999 0,816 4,392 0,090 1,425 9,638

1_4_7 k, ̒ s 1,500 0,375 0,999 0,758 4,392 0,102 1,425 9,551

1_4_17 wh  1,500 0,125 0,999 0,448 4,690 0,026 1,425 9,213

PH_VGM_EMBANKMENT

1_5_2 k 1,375 0,833 0,4995 1,302 1,697 0,441 0,799 6,947

1_5_3 ʰ 1,375 0,833 0,4995 1,302 1,697 0,441 0,799 6,947

1_5_4 s̒ 1,375 0,833 0,4995 1,294 1,697 0,441 0,799 6,939

1_5_5 n 1,375 0,833 0,4995 1,303 1,865 0,441 0,799 7,115

1_5_9 k,ʰ 1,375 0,833 0,4995 1,302 1,865 0,441 0,799 7,115

1_5_5 k, s̒ 1,375 0,833 0,4995 1,302 1,697 0,441 0,799 6,947

1_5_11 k, n 1,375 0,833 0,4995 1,302 1,865 0,441 0,799 7,115

1_5_12 ,h s̒ 1,375 0,833 0,4995 1,302 1,745 0,441 0,799 6,995

1_5_13 ,h s̒,k  1,375 0,833 0,4995 1,303 1,745 0,441 0,799 6,996

1_5_14 ,h s̒,k,n 1,375 0,667 0,4995 1,303 1,697 0,441 0,799 6,781

1_5_16 r̒,k  1,375 0,833 0,4995 1,302 1,689 0,441 0,799 6,939

1_5_17 ,h s̒,k,n, ̒ r 1,375 0,833 0,4995 1,303 1,697 0,441 0,799 6,948

VWC_VGM_EMBANKMENT

1_6_3 ʰ 2,000 0,375 0,999 0,774 4,690 0,106 1,425 10,369

1_6_4 s̒ 1,500 0,333 0,999 0,585 4,690 0,080 1,425 9,613

1_6_5 n 1,500 0,250 0,999 0,448 4,690 0,026 1,425 9,338

1_6_9 k,ʰ 1,500 0,292 0,999 0,815 4,690 0,107 1,425 9,828

1_6_10 k, s̒ 1,000 0,417 0,999 0,573 4,224 0,106 1,425 8,744

VWC_HVGM_FLUVIAL

1_7_2 k 2,000 0,750 0,999 1,178 3,361 0,241 1,133 9,663

1_7_4 s̒ 2,000 0,458 0,999 0,199 3,739 0,000 1,033 8,428

1_7_10 k, s̒  2,000 0,541 0,999 0,280 3,578 0,000 1,033 8,430

1_7_12 ,h s̒ 2,000 0,625 0,999 0,313 3,746 0,000 1,015 8,698

1_7_15 r̒  2,000 0,125 0,999 0,001 3,715 0,000 0,983 7,823

VWC_VGM_FLUVIAL

1_8_4 s̒ 2,000 0,458 0,999 0,313 3,739 0,000 1,000 8,509

1_8_10 k, s̒  2,000 0,458 0,999 0,313 3,739 0,000 0,983 8,492

1_8_12 ,h s̒ 2,000 0,541 0,999 0,313 3,720 0,000 1,015 8,589

1_8_13 ,h s̒,k 2,000 0,625 0,999 0,389 3,596 0,000 1,023 8,631

RMSE, MAE, R2

PH__HVGM_ EMBANKMENT

GROUPS OF INVERSE ANALYSIS

NSE, NSErel, NSEj AI' AIC, BIC, HQIC
NSE, NSErel, 

NSEj AI'
RMSE, MAE, R2

NSE, NSErel, 

NSEj AI'
RMSE, MAE, R2
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7_3_1 PRELIMINARY CONCLUSIONS AND FURTHER STUDIES 

In the first phase of the proposed methodological approach, the performance of the single indirect 

simulation is evaluated while, in the preliminary phase (chapter 7_2), the performance of groups of inverse 

analysis was under scrutiny. The first phase focuses on the differences between observed-simulated 

datasets by means of a selected set of metrics/indices. A scoring-base methodology is proposed to evaluate 

the performance of the indirect simulations. A set of metrics of typology accuracy, efficiency and model 

selection criteria has been chosen. The performance of each indirect simulation has been investigated 

separately in the flood peak periods, in the off-peak periods (drawdowns) and globally on the whole 2018 

simulation period. Points are given to the metrics based on the closeness to the best fit. Points are scaled 

for each simulation according to these weights: 

-ŜŀŎƘ ƳŜǘǊƛŎ Ƙŀǎ ŀƴ ΨΩƛƴǘŜǊƴŀƭ ǿŜƛƎƘǘΩΩ which is the weight given with respect to the other metrics of the 

same group (accuracy or efficiency or model selection criteria group) 

-ŜŀŎƘ ƳŜǘǊƛŎ Ƙŀǎ ŀƴ ΨΩŜȄǘŜǊƴŀƭ ǿŜƛƎƘǘΩΩ which is the weight of the group of metrics it belongs to with respect 

to the other groups (accuracy, efficiency and model selection criteria groups). 

-flood peak and off-peak periods have different weights based on their persistence and hydrometric level 

reached. 

The maximum score associated with the flood peak periods is 7,13; the one associated with the off-peak 

periods is 2,38 and the score associated with the whole simulation period is 5,5. The higher score attributed 

to the peak periods is due to the greater relevance of reliable pwp distributions during flood events to be 

used for possible future stability analysis. Using a scoring system to evaluate indirect simulations allows to 

obtain a ranking (from the best to the worst) of the available indirect simulations which allow to identify 

the best optimized set/s of parameters. The threshold score of acceptance of the indirect simulations is 

7,5/15. 80% of the initial number of simulations has overcome the first phase of the calibration and will 

undergo the second phase. The first phase of the calibration process has been applied also to the groups of 

indirect simulations excluded in the preliminary phase in order to have a double check on the results 

obtained. These groups have obtained an insufficient score also according to the criteria of phase 1 which 

are more stringent with respect to the ones adopted in the pre-calibration phase. While the pre-calibration 

phase fixes only minimum thresholds, the first calibration phase allows a quantitative comparison between 

the investigated indirect simulations. 

It has been observed that the HVGM with a mixed dataset and the VGM with a PH dataset assure the 

higher percentage of simulations that overcome the first calibration phase. The VGM-2cm assures with any 

typology of dataset and any weighting distribution the lower percentage of successful simulations which 

means a poorer performance. The performance of the simulations which use a wc dataset is in all cases 

poorer with respect to the same simulations which use a PH or a mixed dataset. The same could be 

observed for the indirect simulations that use the TMA weighting distribution with respect to a weighting 

distribution equal to unity. 

Moreover it has been observed that HVGM and VGM have difficulties in the optimization of the hydraulic 

parameters of the foundation layer and in the optimization of groups of layers (embankment+foundation 

and embankment+foundation+fluvial) due probably to the lower number of observation points/sensors 

located in the foundation layer with respect to the other layers. For the same reason the optimization of 
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groups of layers that include the foundation shows a poor performance. The indirect simulations optimizing 

the embankment layer show the best performance and with great probability, this is due to the fact that an 

higher number of sensors (monitoring wc and pwp) is installed in this layer with respect to the other layers. 

A greater number of observation points of high-quality has, with absolute certainty, a relevant impact on 

inverse analysis performance, leading to the identification of a set of optimized parameters with a better 

performance. No successful simulations optimizing 2 or more layers are available for the HVGM-2cm, which 

assures in all cases a poorer performance compared to HVGM and VGM.  

In chapter 7_4, the indirect simulations that have overcome the first calibration phase will be tested in the 

second phase of the calibration which focuses on the results of the inverse analysis (the optimized 

parameters) looking closely to the last iteration of the model. 

7_4 PERFORMANCE EVALUATION OF INDIRECT SIMULATIONS: THE SECOND PHASE 

OF THE CALIBRATION PROCESS 

In the second phase of the calibration process, the focus is moved to the optimized parameters and the 
goodness of them. The attention is restricted to a smaller group of simulations (thanks to the previous two 
phases) to allow an in-depth analysis of the indirect problem output. The indirect simulations that do not 
fulfil the threshold imposed in the first calibration phase are removed from the set of analysis to be 
investigated in the second phase. 
Due to the fact that the goal of the second phase of the calibration process is different from the first one, 
other indices and metrics are used in the evaluation. 
 
The first phase of the calibration process focuses on the quantification of the departure of the model 
output from observed and experimental measurements using various statistical and efficiency-based 
indices/indicators and statistic tests to judge the model performance. The second phase of the calibration 
process focuses on the results of the inverse analysis, on the optimized parameters, looking closely at the 
last iteration of the inverse analysis, which types of calculation error have been made, the user-defined 
tolerance to which the iteration process stops, the level of correlation between the optimized parameters, 
the range of values that is likely to include the true value of the parameter with a certain degree of 
confidence. A good fitting between simulated-observed datasets cannot always guarantee a good 
estimation of the parameters in the indirect problem, from this the necessity to perform also the second 
phase of the calibration process. 
 
The adopted indices for the second phase are the following: 
 
-the 95% Confidence Interval: The 95% confidence interval is calculated based on the evaluation of the 
objective function to assess its sensitivity to a particular parameter in its minimum. The confidence interval 
thus reflects the quality of the input dataset and the sensitivity of the model to the optimized parameter/s. 
The precision of the estimated parameters is assessed through confidence interval under certain 
hypothesis: the model error is zero, uncertainties are due only to measurements errors, inverse solution is 
converged to global minimum. Under these assumptions it is possible to estimate the 95% confidence limits 
and the parameter standard deviation value. 
For each indirect simulation, the 95% confidence interval ɲ ōŜǘǿŜŜƴ ǘƘŜ ƭƻǿŜǊ ŀƴŘ ǳǇǇŜǊ confidence limit 
of each optimized parameter is computed. Then the Range of Variation (ROV) of the parameter in 
percentage is calculated as follows [equation 139]: 
 

2/6
 

ρzππ                                                                                                                    [equation 139] 
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The range of variation is computed for each optimized parameter of the simulation then the score is given 
according to the amplitude of the range of variation. LŦ ɲ ƛǎ ƴŀǊǊƻǿΣ ǘƘŜƴ ǘƘŜ Ŧƛǘ ƛǎ ǎŜƴǎƛǘƛǾŜ ǘƻ ǘƘƛǎ 
parameter and other values will not produce as good a fit. 
 
-the Mass Balance Error (ME): It gives an indication of the accuracy with which the finite difference matrix 
equations are being solved. Usually a value of mass balance below 1% is considered accurate. Score is given 
to each indirect simulation according to the value of mass balance error of the last iteration of the inverse 
problem. The lower the mass balance error, the greater the score given to the simulation. A necessary but 
not sufficient condition for solution accuracy stays in the ability of a numerical model to conserve the mass. 
A model that shows a poor mass balance behaviour is affected by uncertainties in the model predictions. 
 
-the Correlation Coefficient of the Parameters (CC): parameters correlation means that a group of 
parameters are mathematically related to each other in the model equations through some implicit 
functions. A high correlation between two parameters means that the parameters cannot be uniquely 
estimated, in other words more than a single parameter leads to the same response of the model (more 
than one combination of the parameters values produces a good fit). If the correlation between two 
parameter is low, it means that each parameter acts independently and is not influenced by the value of 
the other parameter. 
A score is given to each couple of optimized parameters according to the value of its correlation coefficient. 
Then for each indirect simulation, the lower score (attributed to the couple with the higher correlation) is 
considered as representative of the whole simulation. This is penalizing for the indirect simulations that 
show few couples of correlated parameters but highlight the performance of simulations with no 
correlations or very low correlations between the couple of parameters. 
According to Clay (2008) a value of correlation between 0,6-0,8 means a strong correlation, a value >0,8 
means a very strong correlation. If model parameters are not well determined, model predictions are not 
well determined too, from all this the necessity to evaluate which parameters are identifiable thus inferring 
which model predictions are feasible. A high correlation manifests itself with a slowdown in the 
convergence rate, an increase in non-uniqueness and parameter uncertainty. 
If a strong correlation between couple of parameters is detected, it means that the parameters could not 
be optimized together but it is necessary to determine them independently or to change the input dataset 
of observation points (Simunek et al, 2012). 
 
There are two types of correlation parameters:  
 
-structurally non-identifiable parameters: this correlation is related to the model structure independently 
of the experimental data. The set of structurally non identifiable parameters may be varied without 
changing the observation dataset, hence keeping the objective function constant. This means that these 
parameters are not uniquely identified. Confidence intervals of a structurally non identifiable parameter 
are infinite [-қΣ Ҍқϐ ƛƴ ǘƘŜ ƭƻƎŀǊƛǘƘƳƛŎ ǇŀǊŀƳŜǘŜǊ ǎǇŀŎŜ ǿƘƛƭŜ ǎǘǊǳŎǘǳǊŀƭ ƛŘŜƴǘƛŦƛŀōƭŜ ǇŀǊŀƳŜǘŜǊǎ ƘŀǾŜ 
always finite confidence limits. Due to the fact that structurally non-identifiable parameters are 
independent of the experimental dataset accuracy, the correlation could not be resolved reducing 
measurement errors or changing the input dataset. No work could be done by the modeller to resolve the 
non-identifiability of these parameters (Raue et al, 2009). 
 
-practical non-identifiable parameters: the non-identifiability could be remediated by data improvement. 
This type of correlation arises when the amount and quality of the experimental data is insufficient.  
IȅŘǊǳǎ ŎŀƭŎǳƭŀǘŜǎ ΨΩŀǎȅƳǇǘƻǘƛŎ ŎƻƴŦƛŘŜƴŎŜ ƛƴǘŜǊǾŀƭǎΩΩ ŘŜǊƛǾŜŘ ŦǊƻƳ ǘƘŜ ŎǳǊǾŀǘǳǊŜ ƻŦ ǘƘŜ ƭƛƪŜƭƛƘƻƻd function, 
the Hessian matrix. From this type of confidence intervals it is not possible to infer practical non-
identifiability (Raue et al, 2009). As done in Hydrus inverse problem, practical non-identifiable parameters 
are detected using the Jacobian matrix that is determined for only the optimum parameters set with which 
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the correlation matrix is built describing the behaviour of the objective function in its minimum (Hopmans 
et al, 2002). 
A graphical way to visualize the behaviour of the inverse problem is creating contour plots of the objective 
ŦǳƴŎǘƛƻƴ  ŀƎŀƛƴǎǘ ŀ ŎƻǳǇƭŜ ƻŦ ƻǇǘƛƳƛȊŜŘ ǇŀǊŀƳŜǘŜǊǎΦ 9ŀŎƘ Ǉƻƛƴǘ ƻŦ ǘƘŜ ƎǊŀǇƘ ƛǎ ƻōǘŀƛƴŜŘ ǎƻƭǾƛƴƎ ǘƘŜ Ŧƭƻǿ 
equation for many combination of the couple of optimized parameter within a certain variation range, 
while the rest of the parameters are constant. Due to the fact that just couples of parameters are 
investigated, a 2D parameter space is obtained as cross section of the full parameter space. To study the 
behaviour of the whole parameter space it is necessary to calculate the response surface for all the possible 
couples of parameters. Only a partial evaluation is possible looking at few response surfaces. Response 
surfaces are able to show the presence of local minima, well defined global minimum, problems of 
parameter correlation and non-uniqueness of the solution (Hopmans et al, 2002). 
 
In  from Raue et, al (2009), three possibilities of response surfaces are presented. The white lines 
represents the 95% confidence regions, while the white star the optimal parameters estimation. Case A in 
which a structural non-identifiable couple of parameters results in a perfect flat valley infinitely extended 
along the corresponding functional relation between the couple of parameters. The confidence region is 
infinitely extended in both the directions. Case B represents practical non-identifiable couple of parameters 
ǎƘƻǿƛƴƎ ŀ ŎƻƴŦƛŘŜƴŎŜ ǊŜƎƛƻƴ ƛƴŦƛƴƛǘŜƭȅ ŜȄǘŜƴŘŜŘ ŦƻǊ ʻ1 ŀƴŘ ʻ2 Ą ҌқΦ /ŀǎŜ / ǇǊŜǎŜƴǘǎ ǘƘŜ ǊŜǎǇƻƴǎŜ ǎǳǊŦŀŎŜ 
of two identifiable parameters. 
 

 

Figure 25: Three possibilities of response surfaces are presented: case A presents the contour plots of the objective function of a 

structural non-identifiable couple of optimized parameters, case B of a practical non-identifiable couple of parameters and case 
C of two identifiable parameters. In white the confidence intervals of each couple, the white star represents the optimal 
parameters estimation. Figure from Raue et al (2009). 

-the Simulation Tolerance (ST): the iteration process used to solve the Richards equation at each time step 
stops when the absolute change in pressure head (or water content) between two successive iterations is 
lower than the tolerance decided by the user. When convergence is not obtained in the indirect problem, 
the imposed tolerance is increased until reasonable values. Score is given to each simulation according to 
the value of the simulation tolerance used in the last iteration of the inverse analysis. 
 
-the Number of Optimized Parameters (NOP): a higher score is given to simulation that optimize more 
parameters at a time. The optimization of two or more parameters together is computationally more 
difficult for the code leading to problems of convergence or of parameters identifiability. Despite that, the 
optimization of more parameters at a time is extremely useful in order to investigate the combined effect 
of parameters on the simulation output. Usually problems of correlation between parameters increase 
increasing the number of optimized parameters. 
 
-ɲ{{v: the difference between the sum of the square residual at the zero iteration (with the initial set of 
parameters) and at the last iteration (with the optimized set of parameters) is used in the second phase of 
the calibration to assess the enhancement of the model output in terms of observed-fitted dataset. The 
ƭŀǊƎŜǊ ǘƘŜ ɲ{{vΣ ǘƘŜ ƎǊŜŀǘŜǊ ǘƘŜ ƛƳǇǊƻǾŜƳŜƴǘ ƛƴ ǘƘŜ simulation output. SSQ is at the base of the objective 
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function, it is used to assess the agreement between experimental-observable datasets and to govern the 
inverse problem through its minimization. {{v ŀƴŘ ɲ{{v ŀǊŜ ŎŀƭŎǳƭŀǘŜŘ ŀǎ Ŧƻƭƭƻǿǎ ώŜǉǳŀǘƛƻƴ мпл ŀƴŘ мпмϐΥ 
 
ὛὛὗВ ὼ  ὼ                                                                                                                  [equation 140] 
ῳὛὛὗВ ὼ  ὼ   Ȣ  Ȣ В ὼ  ὼ     Ȣ                       [equation 141] 

 
where i=1..n, n is the number of observed data. DǊŜŀǘŜǊ ǘƘŜ ɲ{{vΣ ƎǊŜŀǘŜǊ ǘƘŜ ǎŎƻǊŜ ŀǘǘǊƛōǳǘŜŘ ǘƻ ŜŀŎƘ 
indirect simulation. 
 
-the Number of Iterations (NIT): a higher score is given to simulations that performed a higher number of 
iterations in the inverse analysis. In each iteration, Hydrus solves the governing equation using updated 
parameters, the values of the parameters become increasingly different from the initial dataset with each 
and every new iteration. 
 
-Standard Error Coefficient (SEC): The Standard Error Coefficient gives an indication of how precisely the 
model estimates the unknown value of the optimized parameter. The smaller the SEC, the more precise the 
estimation. SEC is directly proportional to the standard error of the regression and inversely proportional to 
the square root of the sample size. This means that the use of a larger amount of data could possibly 
reduce the standard error. The standard error of the regression is calculated as follows [equation 142]: 

ί В Ὡ                                                                                                                                       [equation 142] 

ǿƘŜǊŜ ƛҐмΧƴ Σ ƴ ƛǎ ǘƘŜ ǎŀƳǇƭŜ ǎƛȊŜ ŀƴŘ Ŝi the error. 
To assess if the estimation of the parameter is enough precise, it is necessary to compare SEC with the 
value of the parameter: if they have the same order of magnitude, it could be stated that the precision is 
poor. A more mathematical way to verify the degree of precision of the optimized parameter is using the 
statistic t-test or the p-value (see §2_7_2_4). Dividing the parameter for its standard error, the t-value is 
obtained. If the t-value is lower than the critical value obtained from the t-distribution table, it is not 
possible to declare a statistical difference (Ho is not rejected) that means that the parameter is not 
accurate and it could not be estimated from the equations system. The same conclusion could be obtained 
from the p-value when comparŜŘ ǘƻ ǘƘŜ ŎƻƳƳƻƴ ƭŜǾŜƭǎ ƻŦ ʰ (level of significance). In the second phase of 
the calibration, the p-value is calculated starting from the standard error coefficient for each optimized 
parameter of the simulation, then the max of the p-values of each simulation is computed. Score is given to 
the simulation according to this value. If the max p-ǾŀƭǳŜ ƛǎ ƭƻǿŜǊ ǘƘŀƴ ʰ (level of significance), the test is 
statistically significant (Ho rejected) ŀƴŘ ŦƻǊ ǘƘƛǎ ǊŜŀǎƻƴ ǘƘŜ ƳŀȄƛƳǳƳ ǎŎƻǊŜ ƛǎ ƎƛǾŜƴΦ aƻǾƛƴƎ ŀǿŀȅ ŦǊƻƳ ʰ 
toward higher values, the score decreases. 
In  a summary of the scoring strategy for each metric considered in the second phase of the calibration is 
presented. The maximum score attributed to the best fit of each metric is 1 so the maximum score that an 
indirect simulation could achieve is 8. The lower acceptability score is 4.  
 

Number of optimized parameters (NOP) Simulation tolerance (ST) 

NOP=1 0 STҗ0,5 0 

2ҖNOP<4 0,5 0,1ҖSTҖ0,5 0,25 

NOPҗ4 1 0,075Җ{¢ҖлΣм 0,50 

 0,05Җ{¢ҖлΣлтр 1 

Mass error (ME) Number of iterations (NIT) 

ME>0,1 0 NIT=1 0 

0,05ҖMEҖ0,1 0,25 1<NITҖ4 0,25 

0,01ҖME<0,05 0,50 4<NITҖ8 0,50 

ME<0,01 1 NIT>8 1 

ɲ{{v ROV (Range of Variation) 

0Җɲ{{vҖ5 0 0%ҖROVҖ2,5% 1 
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5<ɲSSQҖ10 0,25 2,5%<ROVҖ5% 0,50 

10<ɲSSQҖ15 0,50 5%<ROVҖ10% 0,25 

15<ɲSSQҖ20 0,75 ROV>10% 0 

ɲSSQ>20 1  

Correlation coefficient (CC) p-value 

0ҖCCҖ0,35 & -лΣорҖ//Җ0 1,0 pvҖ0,05 1 

0,35ҖCCҖ0,60 & -лΣсҖ//Җ-0,35 0,5 0,05ҖpvҖ0,1 0,50 

0,60ҖCCҖ0,80 & -лΣуҖ//Җ-0,60 0,25 0,1<pvҖ0,2 0,25 

CC>0,8 & CCҖ-0,8 0 pv>0,2 0 
Table 34: Allocation of the scores for each metric/index considered in the second phase of the calibration process proportionally 
to the distance from the best fit of the metric/index. 

For the presented case study, 53% (81) of the initial number of simulations (155) has been accepted :the 
sum of the scores of each indirect simulation is greater than 4 which is considered as the threshold. In , a 
summary of the number of the simulations that overcame the second phase of the calibration. As it is 
possible to observe, the HVGM is the hydraulic model with the highest number of successful simulations, 
while VGM+2cm has the lowest value, due to an overall difficulty in the convergence and a poor quality of 
results of the inverse analysis. The embankment layer has the highest number of successful indirect 
simulations due to a greater number of simulations performed with respect to the other layers and a larger 
dataset of observation points used in the inverse problem. In round brackets the percentage of simulations 
that have passed the second phase of the calibration with respect to the initial number of simulations 
falling into each category. The embankment layer and the groups of layers (embankment+fluvial; 
embankment+foundation; embankment+foundation+fluvial) show the higher percentages of indirect 
simulations that have passed the second calibration phase (percentages from 60 to 100%), the only 
exception is for the HVGM the groups of layers embankment+foundation+fluvial (20% of successful 
simulations). The VGM-2cm will be excluded from here on out because the restricted number of 
simulations that have passed the first phase, have shown an insufficient quality in the second phase. It is 
relevant to notice that the second phase of the calibration has proven to be more selective and stringent 
with respect to the first phase despite it was focused on an in-depth analysis of the observed-simulated 
dataset. In fact in the first phase, 155 indirect simulations over 193 passed the selection (80%), while in the 
second phase 81 over 155 (53%). Moreover it has to be remembered that the second phase of the 
calibration acts on a set of simulations already purged from the ones with a poor performance so the 
average performance is higher with respect to the first phase.  
 

 HVGM VGM VGM-2cm 
n° of indirect simulations for the 
optimization of the embankment 
layer 

26 (60%) 12 (71%) 0 

n° of indirect simulations for the 
optimization of the fluvial layer 

2 (25%) 0 1 (33%) 

n° of indirect simulations for the 
optimization of the foundation 
layer 

4 (44%) 4 (33%) 0 

n° of indirect simulations for the 
optimization of the aquifer layer 

2 (22%) 6 (46%) 0 

n° of indirect simulations for the 
optimization of the 
embankment+fluvial layers 

2 (100%) 2 (100%) 0 

n° of indirect simulations for the 
optimization of the 
embankment+foundation layers 

6 (75%) 5 (71%) 0 

n° of indirect simulations for the 
optimization of the 

1 (20%) 8 (100%) 0 
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embankment+foundation+fluvial 
layers 

sum 39 36 1 
total n° of successful simulations 
that have overcome the 2nd phase  

81 

%successful simulations with 
respect to the n° of simulations that 
have overcome the 2

nd
 phase 

53% 

Table 35: Number of simulations that have passed the second phase of the calibration subdivided for layer and hydraulic model 
(HVGM, VGM, VGM-2cm). In round brackets the percentage of simulations that have passed the second phase with respect to 
the initial number of simulations falling into that category (f.e. the % of indirect simulations optimizing the embankment layer 
using a VGM is calculated with respect to the n° of simulations optimizing the embankment layer using the VGM that have 
overcome the first calibration phase). 

In  other statistics of the groups of inverse simulations that have overcome the second phase of the 
calibration are presented. Some conclusions could be drawn from the presented table: 
 

¶ The groups of indirect simulations that use the TMAT have shown a very poor performance in both 
the calibration phases. The number of simulations which use the TMAT and which have overcome 
the second calibration phase is very reduced. Just 3 groups of inverse analysis have overcome the 
2nd calibration phase (1_1_39 for the HVGM, 1_1_44 for the VGM and 1_1_24 for the VGM-2cm) 
and it is relevant to report that all these groups optimize the hydraulic parameters of the fluvial 
layer. We can conclude that the TMAT has not been able to guarantee good results in the indirect 
problem. 

¶ Few groups of inverse analysis that optimize more than one single layer have overcome both the 
calibration phases: embankment+foundation_PH (HVGM, VGM) and 
embankment+foundation+fluvial_PH+wc (HVGM, VGM). 

¶ The hydraulic model that shows the higher percentage of accepted simulations is the VGM: 63% 
with respect to the number of simulations of the same typology that have overcome the previous 
phase. 

¶ The indirect simulations with a pressure head input dataset show the higher degree of acceptance 
(75% for the HVGM and 81% for the VGM). 

¶ The indirect simulations with a water content input dataset show a low degree of acceptance (43% 
for the HVGM and 64% for the VGM). We can state that the pressure head dataset allows to obtain 
better results in the inverse estimation of hydraulic parameters in the presented case study. 

¶ CƻǊ ǘƘŜ I±Da ǘƘŜ ƻǇǘƛƳƛȊŀǘƛƻƴ ƻŦ ǘƘŜ ƘȅǎǘŜǊŜǘƛŎ ǇŀǊŀƳŜǘŜǊǎ όʻmΣ ʰw, Kw) is extremely difficult and 
any simulation optimizing the parameters of the wetting curve have overcome the second 
calibration phase. This could be explained remembering the results obtained in chapter §6_1 in 
which the hysteretic behaviour of the bank section has been investigated and just limited effects 
due to the adoption of an hysteretic model to represent the river bank behaviour have been 
identified. 

¶ Aquifer (HVGM), fluvial (VGM), foundation (VGM) and embankment+fluvial+foundation (HVGM) 
are the layers that have obtained the lower percentage of simulations that have overcome the 
second calibration phase. With great probability the availability of a lower number of observation 
points for the layers different from the embankment assures a poorer performance of the inverse 
analysis as could be read from the differences between the percentage of successful simulations of 
the embankment and of other layers (fluvial, foundation, aquifer). The combined optimization of 3 
layers together results in an high complexity for the Levenberg- Marquardt algorithm that could 
explain the difficulties in the indirect simulations convergence for couple and triplet of layers. 
Maintaining a low number of fitting parameters, as in the majority of the groups of inverse analysis 
that have overcome both the calibration phases, leads to a better performance of the inverse 
analysis, in agreement with the findings of Simunek et al (2001) and Hopman et al (2002). In fact 
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the uncertainties are reduced when a limited number of hydraulic parameters are optimized. 
Moreover a decrease in the number of parameters assures to reduce the non-uniqueness of the 
solution in the inverse problem (Hopman et al, 2002). 

¶ The hydraulic parameters of the fluvial layer have proven to be the most difficult to optimize. The 
I±Da ŀƭƭƻǿǎ ǘƘŜ ƻǇǘƛƳƛȊŀǘƛƻƴ ƻŦ YǎΣ ʻǎ ǇŀǊŀƳŜǘŜǊǎ ƻŦ ǘƘŜ ŦƭǳǾƛŀƭ ƭŀȅŜǊ ǿƘƛƭŜ ǘƘŜ ±Da Ƙŀǎ ƴƻ 
successful simulations. The combining optimization of the fluvial layer with other layers allows to 
obtain better results as for the group 1_1_16 (embankment+foundation+fluvial). 

¶ Two groups of inverse analysis (1_1_8 and 1_1_20) are rejected in the second calibration phase due 
to the fact that none of the indirect simulations that belong to the groups show a sufficient 
performance. At the end of the second phase of the calibration, 20 groups of inverse analysis will 
be tested in the third calibration phase (11 groups HVGM, 8 groups VGM, 1 VGM-2cm, zero HVGM-
2cm). 
 

 

Table 36: The table presents the n° of indirect simulations in each group of inverse analysis that have overcome the second 
calibration phase (third column) and the % of these simulations with respect to the number of simulations in the same group 
that have overcome the first calibration phase (fourth column). In the last column the hydraulic parameters that are optimized 
in each group (we have to remember that for the groups of inverse analysis that optimize more than one layer at a time, a set of 
optimized parameters is obtained for each layer). The groups of inverse simulations that present zero successful simulations 
(performance below the imposed threshold) will be excluded from the third calibration phase.  

GROUPS OF INVERSE ANALYSIS IDENT. CODE
N° OF SUCCESSFUL 

SIMULATIONS
%  SUCCESSFUL 

SIMULATIONS

OPTIMIZED 

PARAMETERS

HVGM_emb_PH_w=1 1_1_1 11 0,85 n, k, h , ̒ s, ̒ r

HVGM_emb_WC_w=1 1_1_2 3 0,38 k, h , ̒ r

HVGM_emb_PH_w=1 1_1_3 10 0,71 n, k, h , ̒ s, ̒ r

HVGM_emb_WC_w=1 1_1_4 2 0,25 k, h , ̒ s

HVGM_fluv_WC_w=1 1_1_7 1 0,20 k, ̒ s

HVGM_fluv_WC_w=TMA 1_1_39 1 0,33  s̒

HVGM_found_PH_w=1 1_1_9 4 0,44 k, h , ̒ s, ̒ r

HVGM_aquifer_PH_w=1 1_1_17 2 0,22 k, h , ̒ s, ̒ r, n

HVGM_emb+found_PH_w=1 1_1_13 6 0,75 k, h , ̒ s, ̒ r

HVGM_emb+found+fluv_PH+WC_w=1 1_1_15 1 0,20 k, ̒ r

HVGM_emb+fluv_w=1 1_1_11 2 1,00  h , ̒ s

VGM_emb+fluv_wc_w=TMA 1_1_44 1 1,00 n, k, h , ̒ s

VGM_emb_PH_w=1 1_1_5 10 0,83 n, k, h , ̒ s, ̒ r

VGM_emb_WC_w=1 1_1_6 2 0,40 k, h

VGM_emb+fluv_wc_w=1 1_1_12 1 1,00 s̒

VGM_found_PH_w=1 1_1_10 4 0,33 n, k, h , ̒ s, ̒ r

VGM_aquifer_PH_w=1 1_1_18 6 0,46 n, k, h , ̒ s, ̒ r

VGM_emb+found_PH_w=1 1_1_14 5 0,71 n, k, h , ̒ s, ̒ r

VGM_emb+found+fluv_PH+wc_w=1 1_1_16 8 1,00 n, k, h , ̒ s, ̒ r

VGM_fluv_w.c._w=1 1_1_8 0 0,00 -

VGM+2cm_emb_wc_w=1 1_1_20 0 0,00 -

VGM+2cm_fluvial_WC_weight=TMA 1_1_24 1 0,33 n, k, h , ̒ s

% of accepted simulations_VGM 0,63 % of simul_VGM_w=1 0,59

% of accepted simulations_HVGM 0,51 % ofsimul_VGM_w=TMA 1,00

% of accepted simulations_VGM+2cm 0,33 % of simul_HVGM_w=1 0,52

% of accepted simulations_HVGM_PH 0,75 % of simul_HVGM_w=TMA 0,33

% of accepted simulations_HVGM_wc 0,43 % of sim_VGM+2cm_w=1 0,00

% of accepted simul_HVGM_wc+PH 0,20 % of simul_VGM+2cm_w=TMA 0,33

% of accep. simulations_VGM_PH 0,81

% of accep.simulations_VGM_wc 0,64

% of accep simul._VGM_wc+PH 1,00
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As done in the first phase of the calibration, the average score of the considered metrics are computed for 
each group of inverse analysis and reported in . As already mentioned, it is legitimate to consider the 
average points for each metric because the indirect simulations belonging to a group use the same 
observation dataset and optimize the hydraulic parameters of the same layer (but in different 
combination). Moreover the values of the metrics of the simulations belonging to a group of inverse 
analysis fall in a narrow range. 
As it is possible to observe in  : 
 

¶ the groups of simulations with the higher score are the ones that optimize the embankment 
(HVGM), the embankment+foundation (HVGM and VGM), the embankment+fluvial (HVGM, VGM) 
the embankment+foundation+fluvial layers (VGM). 

¶ the average scores of the groups of inverse analysis (ranging between 4-5 in the pre 2nd phase) are 
quite low compared to the maximum score (8).  reports the score attributed to each group of 
inverse analysis after the elimination of the indirect simulations (post 2nd phase) that do not fulfil 
the imposed threshold, as could be observed all the groups show an enhancement of the 
performance as expected. The new range of the score attributed to the 2nd phase is between 4 ς 
6,3. 

¶ as already mentioned, only four groups of inverse analysis have been excluded (zero successful 
simulations after the 2nd phase of calibration): 1_1_8 and 1_1_40 for the VGM and 1_1_20 and 
1_1_28 for the VGM-2cm. 

¶ a general low score has been observed for the mass error of the inverse analysis using the VGM, 
sign of a low solution accuracy (uncertainties in the prediction). 

¶ a general low score attributed to NIT (number of iterations) for almost all the groups of inverse 
simulations suggests that the optimized sets of hydraulic parameters differ only slightly from the 
initial set of parameters due to a reduced number of performed iterations. In fact in each iteration 
of the inverse analysis, the value of the parameters to optimize are changed increasingly from their 
initial value. 

¶ the high scores of the groups of inverse analysis attributed to the p-value suggest the ability of the 
system of equations to estimate singularly the optimized parameters (Ho rejected). 

¶ the high scores attributed to the simulation tolerance of the groups of inverse analysis HVGM and 
VGM are proof of the precision with which the inverse problem has been solved. Similarly the low 
values of ST for the VGM+2cm simulations suggest a low accuracy of the obtained sets of optimized 
parameters. 
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Table 37: The average score of each metric of the second phase of the calibration is computed for the different groups of inverse 
ŀƴŀƭȅǎƛǎΦ bht ǎǘŀƴŘǎ ŦƻǊ ΨΩƴǳƳōŜǊ ƻŦ ƻǇǘƛƳƛȊŜŘ ǇŀǊŀƳŜǘŜǊǎΩΩΣ a9 ŦƻǊ ΨΩƳŀǎǎ ŜǊǊƻǊΩΩΣ bL¢ ŦƻǊ ΨΩƴǳƳōŜǊ ƻŦ ƛǘŜǊŀǘƛƻƴǎΩΩΣ {¢ ŦƻǊ 
ΨΩǎƛƳǳƭŀǘƛƻƴ ǘƻƭŜǊŀƴŎŜΩΩΣ wh± ŦƻǊ ΨΩwŀƴƎŜ ƻŦ ±ŀǊƛŀǘƛƻƴΩΩΣ // ŦƻǊ ΨΩ/ƻǊǊŜƭŀǘƛƻƴ /ƻŜŦŦƛŎƛŜƴǘΩΩΣ ɲ{{v ƛǎ the difference between the sum 
of the square residual at the zero iteration (with the initial set of parameters) and the last iteration (with the optimized set of 
parameters). In the eleventh column the average total score attributed to each group of inverse analysis (pre 2

nd
 phase of 

calibration) and in the twelfth column the average total score post second phase (after the elimination of the indirect 
simulations that do not fulfil the minimum threshold). 

In , comparing the score of the first calibration phase of each group of inverse analysis with the score of the 
second calibration phase, it is possible to observe a different evaluation of the model performance. A 
chromatic scale from green (best score) to red (lower score) is used to ease the table reading. The fifth 
column in  reports the sum of the score of the first plus the second calibration phases. 

¶ The greatest differences between the scores of the two calibration phases could be observed for 
the groups of inverse analysis HVGM_foundation_PH_w=1 (1_1_9); VGM_foundation_PH_w=1 
(1_1_10) and VGM+2cm_emb_wc_w=1 (1_1_20). This is due to the fact that a good fit between the 
observed and simulated datasets in the first phase do not exclude problems of correlation between 
the optimized parameters, problems of non-identifiability of the parameters or low accuracy in the 
estimation (parameters and characteristics on which the second calibration phase focuses). 

¶ The foundation layer using a VGM and HVGM and a weighting distribution equal to 1 presents the 
poorest results (12,5 for HVGM and 11,0 for VGM). A low performance could be detected also for 
the aquifer layer (12,0 for HVGM and 13,0 for VGM). 

¶ Three groups of inverse analysis have shown an excellent performance in both the calibration 
phases (1st+2nd): HVGM_embankment+foundation+fluvial_wc+PH_w=1 (1_1_15); 
HVGM_fluvial_wc_w=1 (1_1_7) and HVGM_embankment+fluvial_wc_w=1 (1_1_11). This means 
that the hydraulic parameters of the embankment and fluvial layers could be estimated singularly 
or together with high accuracy by means of inverse analysis. 

 

HVGM_emb_PH_w=1 1_1_1 0,4 0,2 0,1 0,9 1,0 1,0 0,3 0,6 4,5 4,7 ACCEPTED

HVGM_emb_WC_w=1 1_1_2 0,6 0,4 0,3 0,5 0,4 1,0 0,1 0,5 3,8 4,0 ACCEPTED

HVGM_embankment_PH_w=1 1_1_3 0,4 0,1 0,1 0,9 0,9 0,9 0,4 0,5 4,3 4,8 ACCEPTED

HVGM_embankment_wc_w=1 1_1_4 0,1 0,3 0,3 0,8 0,6 1,0 0,2 0,0 3,3 4,0 ACCEPTED

HVGM_fluvial_wc_w=1 1_1_7 0,2 0,2 0,3 0,7 0,3 0,8 0,3 0,2 2,8 5,3 ACCEPTED

HVGM_fluvial_wc_w=TMA 1_1_39 0,0 0,1 0,3 0,6 0,5 1,0 0,0 1,0 3,5 4,3 ACCEPTED

HVGM_foundation_PH_w=1 1_1_9 0,3 0,2 0,1 0,8 0,6 0,9 0,4 0,6 3,9 4,8 ACCEPTED

HVGM_aquifer_PH_w=1 1_1_17 0,5 0,3 0,0 1,0 1,0 1,0 0,0 0,0 3,8 4,3 ACCEPTED

HVGM_emb+found_PH_w=1 1_1_13 0,8 0,1 0,2 0,9 0,5 1,0 0,6 0,5 4,6 4,7 ACCEPTED

HVGM_emb+found+fluv_PH+wc_w=1 1_1_15 0,6 0,2 0,1 0,9 0,6 0,8 0,6 0,2 3,9 6,3 ACCEPTED

HVGM_emb+fluv_w=1 1_1_11 0,5 0,3 0,3 1,0 0,5 1,0 1,0 0,3 4,8 4,8 ACCEPTED

VGM_emb+fluv_wc_w=TMA 1_1_44 0,5 0,0 0,0 0,0 1,0 1,0 1,0 1,0 4,5 4,5 ACCEPTED

VGM_embankment_PH_w=1 1_1_5 0,4 0,0 0,0 0,9 1,0 0,9 0,3 0,8 4,3 4,6 ACCEPTED

VGM_embankment_WC_w=1 1_1_6 0,2 0,1 0,4 0,5 0,7 1,0 0,3 1,0 4,1 4,3 ACCEPTED

VGM_emb+fluv_wc_w=1 1_1_12 0,5 0,0 0,3 0,3 1,0 1,0 1,0 0,3 4,3 4,3 ACCEPTED

VGM_foundation_PH_w=1 1_1_10 0,4 0,0 0,0 0,5 0,7 1,0 0,4 0,5 3,6 4,3 ACCEPTED

VGM_aquifer_PH_w=1 1_1_18 0,4 0,0 0,0 1,0 0,9 0,8 0,5 0,3 3,8 4,8 ACCEPTED

VGM_emb+found_PH_w=1 1_1_14 0,5 0,0 0,3 0,9 1,0 1,0 0,4 0,6 4,7 5,3 ACCEPTED

VGM_emb+found+fluvial_PH+wc_w=1 1_1_16 0,8 0,0 0,1 0,4 1,0 1,0 0,8 0,6 4,6 4,6 ACCEPTED

VGM_fluv_w.c._w=1 1_1_8 0,4 0,0 0,4 0,4 0,3 1,0 0,4 0,3 3,1 - REJECTED

VGM_fluv_wc_w=TMA 1_1_40 0,0 0,0 0,5 0,3 0,0 0,0 0,0 0,0 0,8 - REJECTED

VGM+2cm_emb+fluv_PH_weight=1 1_1_28 1,0 0,0 0,3 0,0 0,0 1,0 0,5 0,0 2,8 - REJECTED

VGM+2cm_emb_wc_w=1 1_1_20 0,0 0,0 0,1 0,3 0,8 1,0 0,0 0,0 2,1 - REJECTED

VGM+2cm_fluvial_wc_weight=TMA 1_1_56 0,5 0,0 0,4 0,3 0,6 1,0 0,6 1,0 4,4 4,6 ACCEPTED

MAX SCORE 1 1 1 1 1 1 1 1 8 8

AVERAGE 
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PHASE
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Table 38: The scores of the first calibration phase are compared to the scores of the second calibration phase of each group of 
inverse analysis. The third column reports the sum of the scores of the 1

st
+2

nd 
phases. In red the four groups of inverse analysis 

that do not overcome the second calibration phase. 

As introduced before, the Response Surface Analysis is an effective way to investigate the behaviour of the 
objective function in proximity of the optimized couple of parameters and the well-posedness of the 
inverse problem. The Response Surface Analysis is able to detect the presence of local minima in proximity 
of a global minimum and any potential problems of parameter correlation and sensitivity. In ,  and , three 
examples of Response Surface Analysis applied to three couples of parameters (1st couple belonging to the 
embankment layer and the other two couples to the foundation layer) are presented. 
 
 presents the behaviour of the objective function in the 2D space of the optimized parameters Ks- s̒ 
belonging to the embankment layer (VGM). The couple of optimized parameters belongs to the group of 
inverse analysis 1_1_5 that showed a good performance both in the first and second calibration phases. 
 
The space of the parameters investigated is between 0,396-лΣофф ŦƻǊ ʻǎ όǳǎƛƴƎ ŀ ǎǘŜǇ ƻŦ лΣлллрό-)) and 
8,94*10-5 -9,0*10-5 m/min for the saturated permeability Ks (using a step of 0,02*10-5 m/min). 
The surface created by the values of the objective function (z-axis) in correspondence of the couple (Ks- s̒) 
shows a clear global minimum. To obtain a smoother surface (no edges) it is only necessary to reduce the 
grid of investigation of the space of the parameters but it is computationally more demanding and for the 
purpose of this analysis not necessary. The optimized ǇŀǊŀƳŜǘŜǊ ʻs is equal to 0,398 while the optimized 
saturated permeability of the embankment layer is equal to 8,96*10-5 m/min. The same information could 
be obtained from the 3D graph on the left and its projection on the vertical plain (x-z axis and y-z axis). No 
other local minima are detected in the investigated portion of the parameters space. 
 and  represent two cases in which a defined global minimum has not been found in the optimization of the 
couple Ks-alfa and Ks- s̒ of the foundation layer (HVGM). As it is possible to observe from the 3D surfaces in 
, the objective functions decreases towards very low values of alfa (<0,02) which are unacceptable values 
for the investigated layer and far below the reliable values obtained by laboratory tests. The poor 
performance of the indirect simulations Ks-ʻǎ ŀƴŘ Yǎ-h  ŎƻǳƭŘ ōŜ ŜȄǘŜƴŘŜŘ ǘƻ ŀƭƭ ǘƘŜ ǎƛƳǳƭŀǘƛƻƴǎ ǘƘŀǘ ōŜƭƻƴƎ 

HVGM_emb_PH_w=1 1_1_1 8,7 4,7 13,4 ACCEPTED

HVGM_emb_WC_w=1 1_1_2 11,1 4,0 15,1 ACCEPTED

HVGM_embankment_PH_w=1 1_1_3 8,8 4,8 13,6 ACCEPTED

HVGM_embankment_WC_w=1 1_1_4 10,5 4,0 14,5 ACCEPTED

HVGM_fluvial_WC_w=1 1_1_7 9,7 5,3 15,0 ACCEPTED

HVGM_fluvial_WC_w=TMA 1_1_39 8,6 4,3 12,9 ACCEPTED

HVGM_foundation_PH_w=1 1_1_9 7,7 4,8 12,5 ACCEPTED

HVGM_aquifer_PH_w=1 1_1_17 7,7 4,3 12,0 ACCEPTED

HVGM_emb+found_PH_w=1 1_1_13 9,0 4,7 13,7 ACCEPTED

HVGM_emb+found+fluv_PH+WC_w=1 1_1_15 11,1 6,3 17,4 ACCEPTED

HVGM_emb+fluv_wc_w=1 1_1_11 12,8 4,8 17,6 ACCEPTED

VGM_emb+fluv_WC_w=TMA 1_1_44 9,6 4,5 14,1 ACCEPTED

VGM_embankment_PH_w=1 1_1_5 8,6 4,6 13,2 ACCEPTED

VGM_embankment_WC_w=1 1_1_6 11,0 4,3 15,3 ACCEPTED

VGM_emb+fluv_WC_w=TMA 1_1_12 9,4 4,3 13,7 ACCEPTED

VGM_foundation_PH_w=1 1_1_10 6,7 4,3 11,0 ACCEPTED

VGM_aquifer_PH_w=1 1_1_18 8,2 4,8 13,0 ACCEPTED

VGM_emb+found_PH_w=1 1_1_14 9,0 5,3 14,3 ACCEPTED

VGM_emb+found+fluvial_PH+WC_w=1 1_1_16 11,0 4,6 15,6 ACCEPTED

VGM_fluv_WC_w=1 1_1_8 9,6 3,1 12,7 REJECTED

VGM_fluv_WC_w=TMA 1_1_40 5,6 0,8 6,4 REJECTED

VGM+2cm_emb+fluv_PH_w=1 1_1_28 10,0 2,8 12,8 REJECTED

VGM+2cm_emb_WC_w=1 1_1_20 11,2 2,1 13,3 REJECTED

VGM+2cm_fluvial_WC_w=TMA 1_1_56 9,5 4,6 14,1 ACCEPTED

MAX SCORE 15 8 23

GROUPS OF INVERSE ANALYSIS IDENT.     CODE

AVERAGE 

SCORE 1st 

PHASE

AVERAGE 

SCORE 2nd 

PHASE

AVERAGE 

TOTAL SCORE
ACCEPTANCE
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to the group of inverse analysis 1_1_9 (foundation_HVGM_PH_w=1). In fact, as could be observed in , the 
performance of this group is quite poor compared to the other groups both in the first and second 
calibration phases. 
 
The inverse analysis in the two cases presented in  and  is not able to identify the correct optimized couple 

of parameters in the investigated portion of parameter space. Changing the input set of initial parameters 

used in the indirect problem or adding new reliable information to the dataset of observation points could 

be possible solutions to overcome this problem. The investigation of the objective function in the 

parameters space could be relevant when problems of correlation between parameters, non-uniqueness of 

the solution or the possibility of the existence of multiple minima for the same couple of parameters are 

detected. Due to the higher computational demand to perform a Response Surface Analysis instead of 

applying a set of metrics, only few couples of optimized parameters could be tested when problems are 

detected from the application of the set of metrics/indices in the 1st and 2nd phases of the calibration. In 

fact the Response Surface Analysis is able to corroborate (or not) hypothesis made by the modeller from 

the in-depth observation of the values assumed by the metrics. 
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Figure 26: The behaviour of the objective function in the 2D/3D space of the optimized parameters k-ʻǎ ōŜƭƻƴƎƛƴƎ ǘƻ ǘƘŜ 
embankment layer (VGM) is presented. A clear local minimum is detected in the 3D surface that lies in the space k- s̒-objective 
function (right side on the top) and in the 2D plain which shows the profiles of the objective function in the space k-ʻǎ όƭŜŦǘ ǎƛŘŜ 
on the top). The figure in centre on the left represents the values of the objective function without interpolation in the 3D space, 
while the remaining two graphs present the projections of the values of the objective function on 2D plains (k-objective function 
ŀƴŘ ʻǎ- objective function). 
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Figure 27:The behaviour of the objective function in the 2D/3D space of the optimized parameters k-  h belonging to the 
foundation layer (HVGM) is presented. As it is possible to observe a clear minimum of the objective function has not been 
detected in the portion of the parameters space investigated. 
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Figure 28: The behaviour of the objective function in the 2D/3D space of the optimized parameters n-  h belonging to the 
foundation layer (HVGM) is presented. As it is possible to observe a clear minimum of the objective function has not been 
detected in the portion of the parameters space investigated. 

 

7_4_1 PRELIMINARY CONCLUSIONS AND FURTHER STUDIES 

The indirect simulations that have overcome the first calibration phase are tested on a second phase in 

which the focus is on the optimized parameters and the goodness of them, looking closely at the last 

iteration of the inverse analysis. In this phase the modeler looks at the level of correlation between the 

optimized parameters, the tolerance to which the iteration process stops, the accuracy with which the 

finite difference matrix equations are being solved (Mass Balance Error), the number of optimized 
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parameters, the difference between the sum of the square residual at the zero iteration (using the initial 

set of parameters) and at the last iteration (using the optimized set of parameters), the number of 

iterations and the standard error coefficients of the optimized parameters. As in the first phase of the 

calibration, a scoring system is applied to each indirect simulations based on the distance of the obtained 

metrics values from the best fit. ΨΩмΩΩ is the maximum score associated to the best fit of each metric and 8 is 

ǘƘŜ ƳŀȄƛƳǳƳ ǎŎƻǊŜ ǘƘŀǘ ŜŀŎƘ ǎƛƳǳƭŀǘƛƻƴ ŎƻǳƭŘ ŀŎƘƛŜǾŜΦ ΨΩпΩΩ ƛǎ ǘƘŜ ƭƻǿŜǊ ŀŎŎŜǇǘŀōƛƭƛǘȅ ǎŎƻǊŜ ƛƴ ƻǊŘŜǊ ǘƻ Ǉŀǎǎ 

to the next calibration phase. ¢ƘŜΩΩ ǉǳŀƭƛǘȅ ǇŀǊŀƳŜǘŜǊǎΩΩ ƻŦ ǘƘŜ ǎŜŎƻƴŘ ǇƘŀǎŜ ŀǊŜ ƳƻǊŜ ǎǘǊƛƴƎŜƴǘ ǿƛǘƘ 

respect to the ones of the first phase in order to decrease even more the number of indirect simulations. 

53% of the initial number of simulations has overcome the second calibration phase and only 4 groups of 

inverse analysis have been excluded (zero successful simulations). The HVGM is the hydraulic model with 

the highest number of successful simulations, while VGM+2cm has the lowest percentage, due to an overall 

difficulty in the convergence of the indirect problem. The embankment layer has the highest number of 

successful indirect simulations (and among the highest scores) due to a greater number of simulations 

performed with respect to the other layers and a larger dataset of observation points used in the inverse 

problem. The embankment layer and the groups of layers (embankment+fluvial; embankment+foundation; 

embankment+foundation+fluvial) show the highest percentage of indirect simulations overcoming the 

second calibration phase, the only exception is the HVGM for the groups of layers 

embankment+foundation+fluvial. The VGM-2cm is excluded from the following calibration phase due to an 

insufficient performance of the inverse analysis. The poor performance of the indirect simulations that use 

the TMAT is confirmed also in the second phase of the calibration: we can conclude that the TMAT is not 

able to guarantee good results in the indirect problem. A small number of simulations that optimizes the 

hydraulic parameters of more than one layer has overcome both the calibration phases, this is a 

consequence of the greater difficulties and lower quality of the indirect simulations with increasing number 

of optimized parameters. Maintaining a low number of hydraulic parameters leads to a better performance 

of the inverse analysis in accordance with Simunek et al (2001) and Hopman et al (2002). Moreover it has 

been observed that a simulation using a pressure head dataset shows a score systematically lower (i.e. a 

poorer performance) with respect to the same simulation using a water content dataset. We can conclude 

that the use of a pressure head dataset allows to obtain better results in the indirect problem with respect 

to dataset of observation points of typology water content. With good probability this is due to the greater 

range of variability in which pwp measurements move in the 2018 simulation period with respect to the 

water content measurements (slow changes of small entity due to flooding events). Any simulation 

optimizing the parameters of the main wetting curve has overcome both the calibration phases (1st+2nd). 

This could be explained by the limited hysteretic effects on the riverbank behavior observed during the 

2018 period which have been investigated extensively in chapter §6_1. Looking closely to the scores of 

each group of simulations important conclusions could be drawn: a low score attributed to the mass error 

indicates a low solution accuracy of the indirect problem; a low score associated to the ΨΩnumber of 

iterationsΩΩ indicates that the obtained set of optimized parameters differs only slightly from the initial one. 

The high score attributed to the p-value suggests that the equations system is able to estimate singularly 

the optimized parameters while the high score in the simulation tolerance of the indirect simulations is 

proof of the high precision with which the inverse problem has been solved. It has been observed that an 

high score obtained in the first phase does not exclude problems of parameters non-identifiability, low 

accuracy in the parameters estimation, parameters correlations. The use of the Response Surface Analysis 

could be a valid help in case the behaviour of the objective function in proximity of a set of optimized 

parameters has to be investigated for problems of parameters correlation, ill-posedness of the inverse 
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problem, non-identifiability of a unique solution (multiple local minima) etc. This procedure is time 

consuming and for this reason, it is convenient to apply it only to a restricted number of cases (few couples 

of optimized parameters). The RSA could be used when the modeler looking at the values of the 

metrics/indices in the 1st and 2nd phases has detected problems in the inverse analysis and confirmations 

are required.  

Chapter 7_6 investigates the influence of the initial set of hydraulic parameters on the results of the inverse 

analysis. The indirect simulations whose performances have been evaluated in the first and second 

calibration phases start from the same set of initial parameters (average values from laboratory tests). In 

chapter 7_6 a larger casuistry on possible initial sets of parameters has been applied to the indirect 

simulation of the 2018 period. 

 

7_5 PERFORMANCE EVALUATION OF INDIRECT SIMULATIONS: THE THIRD 

CALIBRATION PHASE 

After the second phase of the calibration, the remaining simulations have to be analysed in order to select 
the final combinations of parameters that enhance the most the performance of the investigated hydraulic 
models and whose performance will be tested on a new simulation period in the validation phase. It is 
extremely relevant to report that due to the fact that the optimized parameters have been obtained using 
different datasets of observation points (PH, wc, PH+wc) and optimizing different combinations of hydraulic 
parameters at a time belonging to one or more layers, a statistical analysis could not be considered 
properly representative of the results of the indirect simulations performed on the model. A statistical 
analysis is not robust enough to individuate the optimal parameter of an hydraulic model. 
In fact an acceptable statistical sample has to be obtained under the same conditions in order to be 
representative of a population.  
 
The number of performed inverse simulations is limited (~1100 simulations) with respect to a statistically 
significant number because the process of selection of the parameters to be optimized, the input dataset of 
observation points chosen and the weighting distributions given to each input observed data are manually 
set and not automatically performed by the software. For the same reason, it is not appropriate to refer to 
the combinations that show the better performances as the best combination of hydraulic parameters in 
absolute terms because there is not a statistical support behind it.  
Briefly, not being able properly to use a probabilistic approach with which to suggest the final set of 
optimized parameters, a deterministic approach has been proposed in which a discrete number of 
simulations is analysed and the ones that show the best performance tested in the validation phase.  
 
In the third phase of the calibration, the simulations to be investigated are the ones that have successfully 
undergone the second calibration phase. These simulations will be analysed using the same dataset of 
observation points, given by the available sensors which recorded data of suction and water content during 
the calibration period (2018) and using the same set of metrics (introduced in the first calibration phase) to 
quantify the fit between simulated-observed data. In the third phase of the calibration, the attention is 
focused on the performance of the single sensors and not on the overall performance of the whole set of 
available sensors as done in the first calibration phase. The set/s of hydraulic parameters that show also in 
this phase the best performance will be tested in the validation phase on the 2019 simulation period to 
investigate their predictive ability on a new period and on a new dataset of observation points. 
 
In third calibration phase, the set of metrics chosen to evaluate the performance of the remaining 81 
indirect simulations that have overcome the 2nd calibration phase are the following: 
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- -RMSE, R2, MAE for the accuracy metrics 
- -L!ΩΣ b{9Σ b{9j, NSErel for the efficiency metrics. 

Robust and objective quantitative metrics that have shown a good ability to catch the behaviour of the 
model performance also in the first calibration phase. A lower number of metric has been adopted 
compared to the first phase of the calibration in order to maintain a manageable number of indices for 
each indirect simulation. 
 
Once again, the attention is focused on the match observed-simulated data of the most relevant sensors 
which recorded in situ data during the calibration period. The considered 12 sensors are the following: 
PZ1_10m (PH_foundation), MPS6_MPB2_2,7m (PH_foundation), PZ1_17m (PH_fluvial), T8_TB1_4,9m 
(PH_foundation), MPS6_MPC1_4,6m (PH_embankment); MPS6_MPC3_6,2m (PH_embankment); 
MPS6_SPC1_7,0m (PH_embankment); T8_TC2_8m (PH_embankment); GS3_MPB2_2,2m (w.c._fluvial); 
GS3_MPC1_2,4m (w.c._embankment); GS3_MPC1_4,5m (w.c._embankment) and GS3_SPC2_7,1m 
(w.c._embankment).  
 
For each indirect simulation, the set of metrics has been applied to each sensor in order to investigate in 
detail its performance.  
While the first calibration phase has focused the attention on the performance of all the available sensors 
together during the flood peak, off-peak periods and during the whole simulation period (peak+off-peak 
periods), in this phase the attention is concentrate on the performance of the single observation 
points/sensors during the whole simulation period and on the two main flood events of the 2018 period 
(flood C and G in Figure 20). Flood C has been recorded in the period 9/12/17-20/12/17 and flood G in 
the period 6/3/18-27/3/18. The flood events more persistent in time and that have reached a medium-high 
water level are the most relevant for a fine-grained riverbank as the one under investigation because the 
profile of suction has time to propagate more deeply in the bank body. The presented set of seven metrics 
is applied to the performance of each sensor on the whole simulation period and on the flooding periods 
C+G (n°12 sensors * 7 metrics *2 (floods events+whole period) = 168 metrics for each indirect simulation).  
 
The reduction of the number of simulations (compared to the initial number) after calibration phases 1+2 
allows to investigate their performance closer and in greater detail compared to the previous calibration 
phases. The final goal of the present calibration phase is obtaining the best possible match between in situ 
data and simulated data in the observation points that are of key importance for a good representation of 
the embankment behaviour during the simulated time period. 
 
In order to ease the choice of the best indirect simulations, their performance is compared to the one of a 
reference simulation (base simulation) that uses the initial set of hydraulic parameters. The simulations 
that use HVGM will be compared to the performance of the base simulation that use the HVGM, while the 
simulations that use VGM will be compared to the base simulation VGM. 
FƻǊ ŜŀŎƘ ǎŜƴǎƻǊΣ ǘƘŜ ŘƛŦŦŜǊŜƴŎŜ ɲ ōŜǘǿŜŜƴ ǘƘŜ ǾŀƭǳŜ ƻŦ ŜŀŎƘ ƳŜǘǊƛŎ ƻŦ ǘƘŜ ƛƴǾŜǎǘƛƎŀǘŜŘ ǎƛƳǳƭŀǘƛƻƴ ŀƴŘ ǘƘŜ 
value of the same metric of the simulation that uses the initial parameters dataset (base simulation) is 
calculated as follows [equation 143]: 
 

ɝ ὺ ὺ                                                                                               [equation 143] 

 
where i is the i-ǘƘ ǎŜƴǎƻǊ ŎƻƴǎƛŘŜǊŜŘ όƛҐмΧмнύ Ƨ ƛǎ ǘƘŜ ƪ-ǘƘ ƳŜǘǊƛŎ ŎƻƴǎƛŘŜǊŜŘ όƪҐмΧтύ  

ὺ  is the value of the metric k-th for the i-th sensor of the simulation to be investigated 

ὺ  is the value of the metric k-th for the i-th sensor of the base simulation.  
 
The difference ɝ  is positive for the metrics R2 Σ L!ΩΣ b{9Σ b{9rel if the performance of the investigated 
simulation is better than the one of the base simulation because the best fit of these metrics is 1. The 
difference ɝ  is negative for the metrics RMSE, MAE, NSEj, if the performance of the investigated 
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simulation is better than the one of the base simulation because the best fit of these metrics is 0. For each 
ǎŜƴǎƻǊ ΨΩƛΩΩΣ ǘƘŜ ǎǳƳ ƻŦ ǘƘŜ ɝ  of the set of metrics is computed taking into account that the ɝ  of RMSE, 
MAE and NSEj is summed with a negative sign as follows [equation 144]: 
ɝͺ ɝͺ ͺ ɝͺ ɝͺ ɝͺ ɝͺ ɝͺ ɝͺ                                  [equation 144] 

 
Due to the fact that the sensors are located in different positions in the bank section and they measure 
different physical properties (water potential ƻǊ ǿŀǘŜǊ ŎƻƴǘŜƴǘύ ǘƘŜȅ ƘŀǾŜ ŀ ŘƛŦŦŜǊŜƴǘ ΨΩǿŜƛƎƘǘΩΩ ƛƴ ǘƘŜ ƳƻŘŜƭ 
performance evaluation. 
PZ1_10m and PZ2_17m are piezometers located at 10 m and 17 m from the soil surface in the saturated 
zone of the riverbank, their relevance for the representation of the pore pressure distribution during the 
investigated period is surely of minor importance compared to the sensors in the unsaturated zone of the 
section. 
For this reason their weight is set equal to 0,5. The weight of the sensors which measure water content in 
the unsaturated zone as sensors GS3_MPB2_2,2m, GS3_MPC1_2,4m, GS3_MPC1_4,5m, GS3_SPC2_7,1m is 
set equal to 0,75 because the final aim of the modelling is the elaboration of a reliable pwp distribution in 
the most relevant instants of the simulation and the calculation is solved in terms of pressure head. The 
weights of the sensors which measure water potential in the unsaturated zone for the same reason are set 
equal to 1.  
In  ŀ ǎǳƳƳŀǊȅ ƻŦ ǘƘŜ ŘƛŦŦŜǊŜƴǘ ΨΩǿŜƛƎƘǘǎΩΩ ŦƻǊ ǘƘŜ ŎƻƴǎƛŘŜǊŜŘ ǎŜƴǎƻǊǎ ƛǎ ǊŜǇƻǊǘŜŘΥ 
 

Sensor Weight Sensor Weight 

PZ1_10m (PH) 0,5 MPS6_MPB2_2,7m (PH) 1 

PZ2_17m (PH) 0,5 T8_TB1_4,9m (PH) 1 

GS3_MPB2_2,2m (wc) 0,75 MPS6_MPC1_4,6m (PH) 1 

GS3_MPC1_2,4m (wc) 0,75 MPS6_MPC3_6,2m (PH) 1 

GS3_MPC1_4,5m (wc) 0,75 MPS6_SPC1_7,0m (PH) 1 

GS3_SPC2_7,1m (wc) 0,75 T8_TC2_8m (PH) 1 
Table 39 Weights attributed to each sensor according to their position in the bank section and the type of information that is 
recorded (water potential or water content) 

For each sensor, ɝͺ  is multiplied by its weight (ύ). Then, for each simulation, we define ɝ  : 

ɝ  В ɝͺ Ͻύ                                                                                               [equation 145] 

  
ɝ  measures the global enhancement with respect to the base simulation. 
 
Different weights are attributed to the set of chosen metrics/indices in order to have a balanced score 
between the accuracy metrics (RMSE, R2, MAE ) and efficiency metrics (L!ΩΣ b{9Σ b{9j, NSErel). In  the 
different weights of the chosen metrics are listed: 
 

ACCURACY METRICS EFFICIENCY METRICS 

R2 1 L!Ω 1 

RMSE 0,5 NSE 0,33 

MAE 0,5 NSErel 0,33 

 NSEj 0,33 
Table 40 Weights attributed to the different accuracy and efficiency metrics 

In  and  the values of ɲi_total are reported for each considered sensor and for each indirect simulation that 
has overcome the second calibration phase (81 simulations) and in the last column the final score ɲsim for 
each simulation is provided.  reports the scores computed on the whole simulation period while  the scores 
computed on the flood periods C+G. The indirect simulations that show the best performance on the two 
considered simulation periods are underlined in pink. 
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In  the list of the indirect simulations that performed optimally during the whole simulation period and/or 
in the flood periods are reported: in red the 9 simulations with the highest score in both the investigated 
periods. These 9 indirect simulations will be tested in the validation phase on the 2019 simulation period. 
In  the scores (whole period) attributed to each sensor by the 9 simulations that perform better in the third 
calibration phase. In pink the sensors that show an enhancement with respect to the base simulation (score 
>0). As could be observed 3 sensors over 12 do not show an enhancement in any chosen indirect 
simulations (PZ1_10m; MPS6_SPC1_7m; GS3_MPC1_2,4m). From the values of the scores (>>0) it is 
possible to observe that the greatest enhancements are registered for GS3_MPC1_4,5m; 
MPS6_MPC1_4,6m; T8_TC2_8m and to a minor extent for GS3_SPC2_7,1m. 
In  the numbering used to refer to the considered sensors from here on out is reported. 
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Table 41Υ {ŎƻǊŜǎ ɲi_total*w i attributed to each considered sensor of each indirect simulation that has overcome the second 

calibration phase. Metrics are applied to the flood period (C+G). 

PZ1  10m
MPS6 

MPB2 2,7m
PZ2  17m T8 TB1 4,7m

MPS6 

MPC1 

4,6m

MPS6 

MPC3 6,2m

MPS6 

SPC1 7,0m

T8 TC2 

8,0m

GS3 MPB2  

2,2m

GS3  MPC1 

2,4m

GS3  MPC1  

4,5m

GS3  SPC2  

7,1m

TOT SCORE     

ɲsim

1_1_4 -41,8 -82,0 -41,2 -0,2 0,0 0,0 0,1 0,1 -0,1 -0,2 -0,2 -0,1 -165,8

1_1_5 153,8 300,6 151,1 0,9 0,0 0,0 -0,1 -0,1 0,2 0,5 0,5 0,2 607,6

1_1_15 -0,1 -0,3 -0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -0,6

1_1_9 2,2 4,3 2,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 8,6
1_1_11 85,3 167,0 83,9 0,5 0,0 0,0 -0,1 -0,1 0,1 0,3 0,3 0,1 337,4

1_1_12 -41,8 -82,0 -41,2 -0,2 0,0 0,0 0,1 0,1 -0,1 -0,2 -0,2 -0,1 -165,8

1_1_13 -6,6 -13,0 -6,5 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -26,2

1_1_14 23,7 46,5 23,4 0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 93,7

1_1_16 -0,3 -0,6 -0,3 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -1,1

1_1_17 143,6 280,6 141,1 0,8 0,0 0,0 -0,1 -0,1 0,2 0,5 0,4 0,2 567,2

1_2_2 342,0 657,5 331,7 3,3 0,0 -0,1 -0,4 -0,3 0,6 1,9 1,7 0,6 1338,4

1_2_6 339,6 654,4 330,1 3,1 -0,3 -0,4 -0,5 -0,5 0,0 1,2 1,2 -0,1 1327,8

1_2_12 336,6 649,2 327,3 3,0 -0,1 -0,2 -0,3 -0,3 0,4 1,7 1,6 0,4 1319,3

1_3_5 184,3 359,8 180,9 1,1 0,0 0,0 -0,2 -0,2 0,3 0,7 0,6 0,3 727,6

1_3_12 30,9 60,5 30,4 0,2 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 121,9

1_3_15 -0,1 -0,3 -0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -0,6

1_3_9 -3,4 -6,7 -3,4 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -13,6

1_3_10 -21,0 -41,1 -20,7 -0,1 0,0 0,0 0,0 0,0 0,0 -0,1 -0,1 -0,1 -83,1

1_3_11 85,3 167,0 83,9 0,5 0,0 0,0 -0,1 -0,1 0,1 0,3 0,3 0,1 337,4

1_3_13 -72,4 -142,0 -71,3 -0,3 0,0 0,0 0,1 0,1 -0,1 -0,4 -0,3 -0,2 -286,8

1_3_14 23,7 46,5 23,4 0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 93,7

1_3_16 -0,3 -0,6 -0,3 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -1,1

1_3_17 99,6 194,9 97,9 0,5 0,0 0,0 -0,1 -0,1 0,1 0,2 0,2 0,1 393,5

1_4_3 337,8 649,9 327,7 3,2 0,2 0,1 -0,4 -0,2 1,1 2,4 2,1 1,3 1325,1

1_4_6 335,9 648,3 327,0 2,9 -0,3 -0,4 -0,4 -0,5 -0,2 0,7 0,8 -0,1 1313,7

1_4_7 323,1 625,2 315,1 2,6 -0,2 -0,4 -0,5 -0,5 0,0 1,1 1,1 -0,1 1266,5

1_7_10 -0,4 -0,8 -0,4 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -1,7

1_9_3 -0,3 -0,6 -0,3 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -1,2

1_9_10 0,1 0,3 0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,6

1_9_13 -0,6 -1,1 -0,6 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -2,3

1_9_16 -3,3 -6,4 -3,2 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -13,0

1_11_3 341,9 657,4 331,7 3,3 -0,1 -0,2 -0,4 -0,3 0,3 1,6 1,5 0,3 1337,1

1_11_4 334,8 645,3 325,2 3,0 0,2 0,1 -0,4 -0,2 1,0 2,4 2,1 1,3 1314,9

1_13_3 14,0 27,5 13,8 0,1 0,0 0,0 0,0 0,0 0,0 0,1 0,1 0,0 55,6

1_13_4 317,9 619,9 311,8 2,1 0,1 0,0 0,2 0,2 -0,2 -0,5 -0,4 -0,3 1250,8

1_13_10 -40,4 -79,2 -39,8 -0,2 0,0 0,0 0,0 0,0 0,0 -0,1 -0,1 0,0 -159,7

1_13_11 -19,2 -37,6 -18,9 -0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -75,8

1_13_13 -16,9 -33,1 -16,6 -0,1 0,0 0,0 0,0 0,0 0,0 -0,1 -0,1 0,0 -67,0

1_13_15 -0,7 -1,4 -0,7 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -2,9

1_15_15 1,6 3,2 1,6 0,0 0,0 0,0 0,0 0,0 0,0 0,1 0,0 0,0 6,5

1_17_14 2,2 4,3 2,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 8,6

1_17_16 2,2 4,3 2,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 8,6

1_39_3 -0,6 -1,1 -0,6 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -2,3

1_10_12 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,00

1_10_14 -0,3 -0,6 -0,3 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -1,11

1_10_10 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,00

1_10_17 0,6 1,1 0,6 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 2,31

1_14_2 -1,2 -2,4 -1,2 0,0 0,0 0,0 0,0 0,0 0,0 0,1 0,1 0,0 -4,62

1_14_3 64,2 125,7 63,1 0,3 0,0 0,0 -0,1 -0,1 0,1 0,4 0,3 0,2 254,18

1_14_4 15,2 29,7 14,9 0,1 0,0 0,0 0,0 0,0 0,0 0,1 0,1 0,0 60,09

1_14_11 -15,5 -30,3 -15,2 -0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -61,16

1_14_15 1,3 2,5 1,3 0,0 0,0 0,0 0,0 0,0 0,0 0,1 0,0 0,0 5,17

1_12_4 337,9 650,1 327,8 3,2 0,2 0,1 -0,4 -0,2 1,1 2,4 2,1 1,3 1325,60

1_16_2 -0,1 -0,3 -0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -0,58

1_16_4 10,6 20,8 10,5 0,1 0,0 0,0 0,0 0,0 0,0 0,1 0,1 0,0 42,15

1_16_5 3,2 6,2 3,1 0,0 0,0 0,0 0,0 0,0 0,0 0,1 0,1 0,0 12,65

1_16_6 -0,4 -0,9 -0,4 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -1,77

1_16_10 1,9 3,7 1,9 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 7,51

1_16_13 4,4 8,6 4,3 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 17,52

1_16_15 -1,3 -2,6 -1,3 0,0 0,0 0,0 -0,1 0,0 0,1 0,1 0,1 0,1 -5,00

1_16_17 2,3 4,5 2,3 0,0 0,0 0,0 0,0 0,0 0,0 0,1 0,1 0,0 9,28

1_18_10 0,3 0,6 0,3 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 1,11

1_18_11 0,1 0,3 0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,55

1_18_14 0,1 0,3 0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,56

1_18_15 0,3 0,6 0,3 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 1,11

1_18_16 0,1 0,3 0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,56

1_18_17 0,3 0,6 0,3 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 1,11

1_56_10 -15893,1 -31618,1 -15829,3 -20,9 -0,5 2,6 29,6 47,0 -24,9 -81,4 -57,6 -31,9 -6,35E+04

1_5_3 4,1 8,0 4,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 16,20

1_5_4 -11,3 -22,1 -11,1 -0,1 0,0 0,0 0,0 0,0 0,0 -0,1 0,0 0,0 -44,63

1_5_5 66,5 130,1 65,4 0,4 0,0 0,0 -0,1 -0,1 0,1 0,2 0,2 0,1 262,86

1_5_11 22,3 43,7 22,0 0,1 0,0 0,0 0,0 0,0 0,0 0,1 0,1 0,0 88,26

1_5_12 -5,3 -10,3 -5,2 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -20,85

1_5_14 29,4 57,6 28,9 0,2 0,0 0,0 0,0 0,0 0,0 0,1 0,1 0,0 116,25

1_5_10 -30,1 -59,1 -29,7 -0,1 0,0 0,0 0,1 0,1 -0,1 -0,2 -0,2 -0,1 -119,44

1_5_13 -0,7 -1,4 -0,7 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -2,91

1_5_16 0,7 1,4 0,7 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 2,83

1_5_17 42,2 82,7 41,6 0,2 0,0 0,0 0,0 0,0 0,1 0,2 0,1 0,1 167,12

1_6_3 342,1 657,7 331,8 3,3 0,0 -0,1 -0,4 -0,3 0,6 2,0 1,8 0,7 1338,96

1_6_9 340,2 655,4 330,7 3,1 -0,2 -0,4 -0,5 -0,5 0,1 1,3 1,2 0,0 1330,45

FLOODS ''C'' AND ''G''      ɲi_total*w i
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Table 42Υ {ŎƻǊŜǎ ɲi_total*w i attributed to each considered sensor of each indirect simulation that has overcome the second 
calibration phase. Metrics are applied to the whole simulation period. 

 

PZ1  10m
MPS6 

MPB2 2,7m
PZ2  17m T8 TB1 4,7m

MPS6 

MPC1 

4,6m

MPS6 

MPC3 6,2m

MPS6 

SPC1 7,0m

T8 TC2 

8,0m

GS3 MPB2  

2,2m

GS3  MPC1 

2,4m

GS3  MPC1  

4,5m

GS3  SPC2  

7,1m

TOT SCORE    

ɲsim

1_1_4 0,01 0,07 0,15 -0,03 3,39 -0,14 0,04 8,11 -0,05 4,73 -3,47 0,18 12,98

1_1_5 0,00 0,12 0,12 -0,03 -21,79 -0,13 0,05 7,31 -0,04 -55,18 223,56 0,51 154,52

1_1_15 0,01 0,03 0,12 -0,02 0,68 -0,01 0,00 -0,22 -0,02 0,04 -0,36 0,01 0,25

1_1_9 0,00 0,00 0,02 0,00 4,29 0,01 0,00 -0,09 0,01 0,50 5,50 0,02 10,26

1_1_11 0,00 0,06 0,01 0,00 -12,81 -0,07 0,04 4,73 0,00 -18,85 124,03 0,28 97,43

1_1_12 0,00 0,01 0,01 0,01 0,96 0,00 0,01 0,69 0,01 0,10 -61,47 -0,28 -59,96

1_1_13 0,00 0,00 0,01 0,00 3,31 0,00 0,01 0,42 0,01 0,86 -8,57 -0,04 -3,99

1_1_14 0,00 0,05 0,03 0,00 -8,96 -0,06 0,04 4,32 0,00 -5,33 33,78 -0,05 23,84

1_1_16 0,00 0,00 0,02 0,00 0,25 0,00 0,00 0,05 0,01 -0,03 -0,13 0,00 0,17

1_1_17 0,00 0,12 0,02 -0,01 -21,23 -0,16 0,05 9,86 0,00 -48,23 208,97 0,44 149,84

1_2_2 -0,19 0,02 0,16 -0,16 231,19 -0,88 -1,00 28,18 0,45 -139,96 538,39 2,96 659,14

1_2_6 -0,36 0,16 0,04 -0,11 230,61 -1,95 -1,68 44,02 0,43 -91,19 535,14 2,67 717,79

1_2_12 -0,22 -0,04 0,05 -0,15 236,08 -0,94 -1,08 29,77 0,57 -188,07 532,65 3,07 611,68

1_3_5 0,00 0,15 0,13 -0,03 -28,06 -0,17 0,05 9,48 -0,03 -81,40 269,62 0,65 170,40

1_3_12 0,01 0,10 0,15 -0,03 -17,97 -0,09 0,04 4,77 -0,04 -9,69 40,90 -0,11 18,05

1_3_15 0,01 0,03 0,12 -0,02 0,68 -0,01 0,00 -0,22 -0,02 0,04 -0,36 0,01 0,25

1_3_9 0,00 0,00 0,06 0,01 -4,39 0,00 -0,01 -0,26 0,00 -0,69 -6,18 -0,02 -11,47

1_3_10 0,00 0,01 0,02 0,00 0,38 0,00 0,01 0,50 0,01 0,55 -31,23 -0,13 -29,90

1_3_11 0,00 0,06 0,01 0,00 -12,81 -0,07 0,04 4,73 0,00 -18,85 124,03 0,28 97,43

1_3_13 0,00 0,02 0,03 0,01 -3,69 -0,02 0,02 1,42 0,00 -2,05 -104,81 -0,44 -109,53

1_3_14 0,00 0,05 0,03 0,00 -8,96 -0,06 0,04 4,32 0,00 -5,33 33,78 -0,05 23,84

1_3_16 0,00 0,00 0,02 0,00 0,25 0,00 0,00 0,05 0,01 -0,03 -0,13 0,00 0,17

1_3_17 0,01 0,10 0,07 0,01 -29,96 -0,12 0,05 7,22 -0,01 -32,61 141,67 0,16 86,59

1_4_3 -0,02 -0,15 0,02 0,03 -16,78 0,03 -0,27 -12,86 -0,04 -376,77 530,17 3,20 126,56

1_4_6 -0,49 0,24 0,07 -0,11 234,95 -2,78 -2,47 58,70 0,42 -58,70 530,28 2,49 762,59

1_4_7 -0,36 0,23 0,10 0,04 37,66 -3,08 -2,17 58,44 -0,27 -123,37 511,02 2,81 481,05

1_7_10 0,00 -0,04 0,03 -0,11 1,73 0,03 0,02 -0,35 26,43 -0,07 -0,62 -0,02 27,02

1_9_3 0,00 0,02 0,12 -0,03 1,78 0,00 -0,01 -0,47 -0,02 0,03 -0,68 0,00 0,74

1_9_10 0,00 0,02 0,04 0,01 -1,65 -0,01 0,00 0,61 -0,01 -0,12 0,63 0,01 -0,47

1_9_13 0,00 0,01 0,01 0,02 1,16 0,01 0,00 -0,07 -0,02 -0,08 -0,40 -0,01 0,62

1_9_16 0,00 0,00 0,06 0,01 -3,21 0,00 -0,01 -0,34 -0,02 -0,78 -5,85 -0,03 -10,16

1_11_3 -0,24 0,00 0,06 0,38 228,54 -1,30 -1,27 34,62 3,24 -142,10 538,75 3,01 663,71

1_11_4 -0,02 -0,24 0,01 0,01 -16,22 0,04 -0,24 -12,03 26,38 -335,37 521,50 3,07 186,88

1_13_3 0,01 0,03 0,14 -0,01 13,84 -0,01 0,01 0,12 -0,01 2,03 21,95 0,09 38,19

1_13_4 0,01 0,04 0,15 -0,02 2,97 -0,03 0,02 1,54 -0,02 -4,90 -154,75 -0,66 -155,66

1_13_10 0,00 0,04 0,06 0,04 -36,73 -0,08 0,01 3,71 -0,11 -3,53 -60,70 -0,13 -97,42

1_13_11 0,01 0,03 0,10 0,01 -1,10 -0,07 0,03 4,30 -0,02 2,02 -26,07 -0,03 -20,78

1_13_13 0,00 0,01 0,00 0,00 -1,71 0,00 0,00 0,27 0,00 0,20 -24,25 -0,11 -25,59

1_13_15 0,00 0,01 0,02 0,00 0,58 0,00 0,01 0,66 0,00 0,29 -0,60 0,01 0,98

1_15_15 0,01 0,02 0,24 0,03 -2,82 -0,06 -0,01 1,51 -0,24 -0,05 3,25 0,05 1,94

1_17_14 0,01 0,02 0,16 -0,02 5,42 0,00 0,00 -0,44 -0,02 0,59 5,11 0,02 10,84

1_17_16 0,01 0,02 0,16 -0,02 5,42 0,00 0,00 -0,44 -0,02 0,59 5,11 0,02 10,84

1_39_3 0,00 -0,07 0,12 -0,05 2,66 0,01 0,00 -0,58 26,40 0,05 -0,95 -0,01 27,58

1_10_12 0,00 0,01 0,10 -0,05 0,27 0,00 0,00 -0,09 0,01 -0,02 -0,05 0,00 0,18

1_10_14 0,00 -0,01 -0,04 -0,08 0,83 0,01 0,00 -0,07 0,04 -0,01 -0,27 -0,01 0,40

1_10_10 0,00 -0,01 0,00 -0,05 0,16 0,00 0,00 -0,11 0,01 -0,02 -0,03 0,00 -0,05

1_10_17 0,01 0,04 -0,02 -0,02 -3,09 -0,02 0,01 1,24 0,00 -0,04 1,23 0,02 -0,64

1_14_2 0,01 0,02 0,08 -0,03 -0,49 -0,04 0,02 2,68 -0,02 1,60 -0,64 0,06 3,26

1_14_3 0,00 -0,01 0,11 -0,03 56,37 0,01 0,04 1,31 0,10 7,32 103,06 0,38 168,65

1_14_4 0,01 0,00 0,05 -0,03 -0,83 0,00 0,00 -0,31 0,00 -0,71 21,44 0,10 19,70

1_14_11 0,02 0,05 0,03 0,08 -4,23 -0,03 0,01 1,51 0,00 0,36 -20,14 -0,07 -22,42

1_14_15 0,01 0,05 -0,07 -0,03 -6,39 -0,04 0,01 1,66 -0,02 -0,14 2,37 0,05 -2,53

1_12_4 -0,02 -0,25 0,04 -0,04 -15,99 0,04 -0,26 -13,18 26,35 -375,45 529,82 3,20 154,26

1_16_2 0,01 -0,01 0,00 -0,05 0,42 0,01 -0,01 -0,48 0,01 -0,21 -0,02 -0,01 -0,34

1_16_4 0,01 0,02 -0,06 -0,06 0,83 -0,01 0,01 0,85 5,71 0,52 16,89 0,09 24,80

1_16_5 0,01 0,05 -0,03 0,01 -2,11 -0,03 0,02 1,87 -0,03 0,45 7,58 0,06 7,85

1_16_6 0,01 0,00 0,08 -0,04 -0,66 0,00 0,00 -0,04 0,00 0,07 -0,73 0,00 -1,32

1_16_10 0,01 0,04 -0,12 -0,04 -1,36 -0,01 0,00 0,33 0,05 -0,29 3,63 0,01 2,25

1_16_13 0,00 0,00 0,03 -0,05 -1,28 0,00 0,00 -0,24 -0,09 -0,24 8,24 0,04 6,42

1_16_15 0,01 0,09 -0,02 -0,05 -3,52 -0,08 0,04 5,05 0,00 2,10 0,32 0,10 4,02

1_16_17 0,01 0,04 -0,01 -0,04 -5,39 -0,02 0,01 1,31 0,08 -0,31 4,88 0,04 0,59

1_18_10 0,01 0,01 0,05 -0,02 -0,89 0,00 0,00 -0,06 0,00 -0,03 0,27 0,00 -0,68

1_18_11 0,01 0,00 0,00 -0,05 -0,40 0,00 0,00 -0,23 0,01 -0,05 0,19 0,00 -0,52

1_18_14 0,01 0,00 0,04 -0,05 -0,59 0,00 0,00 -0,21 0,01 -0,02 0,22 0,00 -0,61

1_18_15 0,00 0,00 0,01 -0,05 -0,35 0,00 0,00 -0,32 0,01 -0,02 0,22 0,00 -0,50

1_18_16 0,00 0,00 0,00 -0,04 -0,34 0,00 0,00 -0,09 0,00 -0,01 0,11 0,00 -0,36

1_18_17 0,01 0,01 0,09 -0,04 -0,75 0,00 0,00 -0,19 0,00 -0,01 0,27 0,00 -0,61

1_56_10 -2,20 6,91 -34,35 -0,62 -1,07E+04 -11,96 -6,89 69,65 -4,87E+02 -1,98E+04 -1,94E+04 -5,04E+01 -5,04E+04

1_5_3 0,01 -0,01 0,02 -0,05 5,72 0,01 0,01 0,06 0,02 0,88 9,27 0,03 15,97

1_5_4 0,00 0,00 0,10 -0,04 -0,47 0,00 0,00 0,16 0,01 0,29 -15,70 -0,07 -15,70
1_5_5 0,00 0,05 0,06 -0,04 -10,50 -0,05 0,03 3,14 0,00 -12,37 95,27 0,20 75,81

1_5_11 0,01 0,02 0,04 -0,04 -4,69 -0,02 0,01 0,87 0,00 -3,09 33,19 0,07 26,38

1_5_12 0,01 0,00 0,04 -0,05 6,58 -0,01 0,01 0,30 0,02 1,38 -6,99 -0,03 1,28

1_5_14 0,01 0,01 0,07 -0,05 1,36 -0,02 0,02 1,28 0,02 -2,83 43,41 0,08 43,37
1_5_10 0,00 0,01 0,06 -0,04 0,62 0,00 0,00 -0,04 0,01 -0,01 -43,57 -0,21 -43,17
1_5_13 0,00 -0,01 0,06 -0,04 5,66 0,00 0,00 -0,14 0,02 0,86 -0,58 -0,02 5,83
1_5_16 0,01 -1,26E+05 -1,05E+05 -5,19E+04 -1,06E+05 -1,06E+05 -1,07E+05 -1,49E+05 -8,01E+04 -8,01E+04 -7,96E+04 -8,01E+04 -1,07E+06

1_5_17 0,01 0,02 0,05 -0,04 0,51 -0,02 0,02 1,52 0,02 -5,09 62,57 0,13 59,70
1_6_3 -0,18 -0,12 -0,10 -0,23 232,31 -0,80 -0,94 27,58 0,65 -143,57 538,44 2,96 656,00

1_6_9 -0,32 0,04 -0,05 -0,22 231,73 -1,71 -1,53 40,28 0,60 -97,01 535,64 2,72 710,16

WHOLE SIMULATION PERIOD   ɲi_total*wi
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Table 43: List of indirect simulations that have shown the best performance in the third phase of the calibration. In red the 
simulations that have obtained a good score both in the performance during the flood periods (C+G) and during the whole 
simulation period. 

 

Table 44: Scores (whole period) attributed to each sensor by the 9 simulations that perform best in the third calibration phase. In 
pink the sensors that show an enhancement with respect to the base simulation 

 

Table 45: The table reports the numbering of the considered sensors that will be used from here on out. 

Summarising, 9 indirect simulations have shown the greatest enhancements with respect to the base 
simulation in the third phase of calibration: 5 simulations for the HVGM and 4 for the VGM: 
1_2_2: HVGM_enhancement of the performance of sensors 2, 3, 5, 8, 9, 11, 12 worsening of the 
performance of sensors 1, 4, 6, 7,10. 
1_2_6: HVGM_enhancement of the performance of sensors 2, 3, 5, 8, 9, 11, 12, worsening of the 
performance of sensors 1, 4, 6, 7,10. 
1_2_12: HVGM_enhancement of the performance of sensors 3, 5, 8, 9, 11, 12; worsening of the 
performance of sensors 1, 2, 4, 6, 7, 10. 
1_6_3: VGM_enhancement of the performance of sensors 5, 8, 9, 11, 12, worsening of the performance of 
the sensors 1, 2, 3, 4, 6, 7, 10. 
1_6_9: VGM_enhancement of the performance of sensors 2, 5, 8, 9, 11, 12; worsening of the performance 
of sensors 1, 3, 4, 6, 7, 10. 
1_11_3: VGM_enhancement of the performance of sensors 2, 3, 4, 5, 8, 9, 11, 12; worsening of the 
performance of sensors 1, 6, 7, 10. 

FLOODS ''C'' AND 

''G''    ɲi_total*wi

WHOLE PERIOD                     

ɲi_total*wi

1_2_2 HVGM_wc_embankment_h 1338,4 659,1

1_2_6 HVGM_wc_embankment_k,h 1327,8 717,8

1_2_12 HVGM_wc_embankment_k,h, r̒ 1319,3 611,7

1_4_3 HVGM_wc_embankment_̒s 1325,1 126,6
1_4_6 HVGM_wc_embankment_k,ʰ 1313,7 762,6

1_4_7 HVGM_wc_embankment_k, s̒ 1266,5 481,1

1_11_3 VGM_wc_embank+fluvial_h 1337,1 663,7

1_11_4 VGM_wc_embank+fluvial_̒s 1314,9 186,9

1_13_4 HVGM_PH_embank+found_̒s 1250,8 -155,7

1_12_4 VGM_wc_embank+fluv_̒s 1325,6 154,3

1_6_3 VGM_wc_embankment_h 1339,0 656,0

1_6_9 VGM_wc_embankment_h,k 1330,5 710,2

SCORE  ɲi_total*w i

PZ1     

10m

MPS6 

MPB2 2,7m

PZ2  

17m

T8       

TB1 

4,7m

MPS6 

MPC1 

4,6m

MPS6 

MPC3 

6,2m

MPS6 

SPC1 

7,0m

T8     

TC2 

8,0m

GS3 

MPB2  

2,2m

GS3  

MPC1 

2,4m

GS3  

MPC1  

4,5m

GS3  

SPC2  

7,1m

TOT 

SCORE

1_2_2 HVGM_wc_embankment_h -0,19 0,02 0,16 -0,16 231,19 -0,88 -1,00 28,18 0,45 -139,96 538,39 2,96 659,14

1_2_6 HVGM_wc_embankment_k,h -0,36 0,16 0,04 -0,11 230,61 -1,95 -1,68 44,02 0,43 -91,19 535,14 2,67 717,79

1_2_12 HVGM_wc_embankment_k,h, r̒ -0,22 -0,04 0,05 -0,15 236,08 -0,94 -1,08 29,77 0,57 -188,07 532,65 3,07 611,68

1_4_6 HVGM_wc_embankment_k,ʰ -0,49 0,24 0,07 -0,11 234,95 -2,78 -2,47 58,70 0,42 -58,70 530,28 2,49 762,59

1_4_7 HVGM_wc_embankment_k, s̒ -0,36 0,23 0,10 0,04 37,66 -3,08 -2,17 58,44 -0,27 -123,37 511,02 2,81 481,05

1_11_3 VGM_wc_embank+fluvial_h -0,24 0,00 0,06 0,38 228,54 -1,30 -1,27 34,62 3,24 -142,10 538,75 3,01 663,71

1_11_4 VGM_wc_embank+fluvial_̒s -0,02 -0,24 0,01 0,01 -16,22 0,04 -0,24 -12,03 26,38 -335,37 521,50 3,07 186,88

1_6_3 VGM_wc_embankment_h -0,18 -0,12 -0,10 -0,23 232,31 -0,80 -0,94 27,58 0,65 -143,57 538,44 2,96 656,00

1_6_9 VGM_wc_embankment_h,k -0,32 0,04 -0,05 -0,22 231,73 -1,71 -1,53 40,28 0,60 -97,01 535,64 2,72 710,16

SCORE (WHOLE SIMULATION PERIOD)        ɲi_total*w i

PZ1     

10m

MPS6 

MPB2 2,7m

PZ2  

17m

T8       

TB1 

4,7m

MPS6 

MPC1 

4,6m

MPS6 

MPC3 

6,2m

MPS6 

SPC1 

7,0m

T8     

TC2 

8,0m

GS3 

MPB2  

2,2m

GS3  

MPC1 

2,4m

GS3  

MPC1  

4,5m

GS3  

SPC2  

7,1m

Sensor n° 1 2 3 4 5 6 7 8 9 10 11 12



 

 
161 

1_11_4: VGM_enhancement of the performance of sensors 3, 4, 6, 8, 9, 11, 12; worsening of the 
performance of sensors 1, 2, 5, 7, 10. 
1_4_6: HVGM_enhancement of the performance of sensors 2, 3, 5, 8, 9, 11, 12 ; worsening of the 
performance of sensors 1, 4, 6, 7, 10. 
1_4_7: HVGM_enhancement of the performance of the sensors 2, 3, 4, 5, 8, 11, 12; worsening of the 
performance of sensors 1, 6, 7, 9, 10. 
 
As it is possible to notice the indirect simulations that have overcome the third calibration phase optimize 
the hydraulic parameters of the embankment layer (7/9) and the parameters of embankmet+fluvial (2/9). 
The whole set of 9 indirect simulation uses a wc dataset and a weighting distribution w=1. 
 
It is important to remember that a negative value of ɝͺ Ͻύ means a worsening of the performance of 

the sensor compared to the base simulation (that uses the initial set of hydraulic parameters) while a 
positive value denotes an enhancement of the performance of the considered sensor. It must be also 
ŜƳǇƘŀǎƛȊŜŘ ǘƘŀǘ ǾŀƭǳŜǎ ɲi_tot below +5 and above -5 are almost impossible to detect in the graphical 
representation of the sensors trend in time when compared to the base simulation. 
 
For this reason, only sensors 5, 8, 10, 11 show enhancements of considerably importance in . Simulation 
1_11_3 has the highest number of sensors whose performances have been enhanced (8/12 sensors) 
compared to the base simulation and the lower number of sensors whose performance is reduced (4/12). 
Indirect simulations 1_2_2, 1_2_6, 1_4_6 optimize the same sensors but the best performance (higher 
score) is shown by simulation 1_4_6.  
As could be observed, the majority of the simulations enhances the performance of some sensors and 
reduces the performance of others, no simulation is able to enhance the performance of all the sensors 
together, for this reason it is relevant to focus the attention on those observation points that are most 
significant for the analysis.  
Sensors of water potential positioned in the unsaturated zone of the embankment layer such as sensors 2 
(MPS6 MPB2 2,7m), 5 (MPS6 MPC1 4,6m), 6 (MPS6-MPC3 6,2m), 7 (MPS6 SPC1 7m) and sensor 4 (T8 TB1 
4,7m) positioned in the unsaturated zone of the berm are the most significant to elaborate an accurate 
map of pore water pressure for future stability analysis.  
 
To the set of 9 indirect simulations that has overcome the third calibration phase other 2 simulations are 
added. These additional simulations (2_1_3 and 2_3_3) are performed in chapter §7_7 to investigate the 
role of different weighting distributions on the results of the inverse analysis. The third calibration phase is 
applied also to these additional simulations (2_1_3 and 2_3_3). The comparison showed that 2_1_3 and 
2_3_3 were the best performing in chapter §7_7 (Table 43). In this case the indirect simulations use a 
dataset of type PH. 
 
In  the scores for the whole simulation period and for the two flood periods (C+G) are presented for the 
new indirect simulations (2_1_3 and 2_3_3). As could be observed both the simulations enhance the 
performance of sensors 5, 8, 9, 11, 12 for the whole simulation period and of sensors 1, 2, 3, 4, 5, 9, 10, 11, 
12 for the flood periods (C+G). 
 
It is relevant to point out that changes in the sensors performance are in all cases of small entity due to the 
fact that the set of initial parameters is obtained from a reliable laboratory campaign. Reliable laboratory 
tests allow starting from a good performance of the model and save time in the calibration phase, avoiding 
a high number of inverse analyses to perform especially when a multi-layered structure is investigated. The 
initial parameters chosen in the presented case study showed to be extremely accurate and for this reason 
the optimized parameters obtained from inverse analysis are located in a narrow interval close to the initial 
parameters. 
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This could be easily observed in  where the sets of optimized parameters of the 11 chosen indirect 
simulations are presented (in red the values that show changes with respect to the values of the initial 
parameters). 
 

 
Table 46: Scores attributed in the third calibration phase to the new indirect simulations (see chapter §7_7). In pink the sensors 

that show an enhancement (ɲi_total*w i >0) with respect to the performance of the base simulation. 

 
Table 47: Sets of optimized parameters that have overcome the third calibration phase (11 indirect simulations). In red the 
values of the hydraulic parameters changed with respect to the set of initial parameters (last row). Ks and Ksw are in m/min 
όǎŀǘǳǊŀǘŜŘ ǇŜǊƳŜŀōƛƭƛǘȅ ƻŦ ǘƘŜ ŘǊȅƛƴƎ ŀƴŘ ǿŜǘǘƛƴƎ ŎǳǊǾŜ ǊŜǎǇŜŎǘƛǾŜƭȅύΣ ʰ ŀƴŘ ʰǿ ƛƴ мκƳΣ ʻǎΣ ʻǊΣ ʻƳ ŀƴŘ ʻǎǿ ƘŀǾŜ ƴƻ ǇƘȅǎƛŎŀƭ 
dimensions. 

In  and , the performances of the two indirect simulations (1_11_4; 2_1_3) chosen among the 11 available 
are compared with the base simulation and the observed dataset for each considered sensor in order to 
visually observe the behaviour highlighted by the chosen set of metrics/indices in . Indirect simulation 
1_11_4 has used a wc dataset to perform the inverse analysis while 2_1_3 a PH dataset. 
As could be observed in both the graphs, sensors monitoring the water content using the set of optimized 
parameters seem to perform better with respect to sensors monitoring the water potential. This is due to 
the fact that the base simulation shows a very good performance in the simulation of the pwp distribution 

PZ1     

10m

MPS6 

MPB2 

2,7m

PZ2  

17m

T8       

TB1 

4,7m

MPS6 

MPC1 

4,6m

MPS6 

MPC3 

6,2m

MPS6 

SPC1 

7,0m

T8     TC2 

8,0m

GS3 

MPB2  

2,2m

GS3  

MPC1 

2,4m

GS3  

MPC1  

4,5m

GS3  SPC2  

7,1m
TOT SCORE

2_1_3
VGM_emb_PH_flood periods=1; 

off-flood periods=0; h Φ
-0,1 -0,1 0,0 -0,1 183,0 -0,3 -0,3 13,7 0,4 -8,9 413,0 1,9 602,4

2_3_3

VGM_emb_PH_flood 

periods=weights dependent of 

water h and permanence; off-

flood periods=0; h Φ

0,0 -0,1 -0,1 -0,1 178,9 -0,3 -0,2 14,2 0,4 -6,0 402,4 1,8 590,9

2_1_3
VGM_emb_PH_flood periods=1; 

off-flood periods=0; h Φ
260,1 506,1 254,5 1,7 0,1 -0,1 -0,4 -0,4 0,6 1,7 1,5 0,7 1026,3

2_3_3

VGM_emb_PH_flood 

periods=weights dependent of 

water h and permanence; off-

flood periods=0; h Φ

253,6 493,6 248,2 1,7 0,1 -0,1 -0,4 -0,4 0,6 1,7 1,5 0,7 1000,8

{/hw9 όC[hh5{ ϥϥ/ϥϥ !b5 ϥϥDϥϥύ        ɲi_total*w i

{/hw9 ό²Ih[9 {La¦[!¢Lhb t9wLh5ύ        ɲi_total*w i

ʻ r ʻ s ʰ n Ks ʻ m s̒w wh Ksw ʻ r ʻ s ʰ n Ks ʻ m s̒w wh Ksw

1_2_2_HVGM 0,004 0,397 1,704 1,304 9,00E-05 0,398 0,397 3,408 9,00E-05 0,0005 0,319 0,251 1,284 2,76E-05 0,319 0,319 0,502 2,76E-05

1_2_6_HVGM 0,004 0,397 1,640 1,304 7,49E-05 0,398 0,397 3,280 7,49E-05 0,0005 0,319 0,251 1,284 2,76E-05 0,319 0,319 0,502 2,76E-05

1_2_12_HVGM 0,044 0,397 1,830 1,304 7,89E-05 0,398 0,397 3,660 7,89E-05 0,0005 0,319 0,251 1,284 2,76E-05 0,319 0,319 0,502 2,76E-05

1_4_6_HVGM 0,004 0,397 1,609 1,304 6,26E-05 0,398 0,397 3,218 6,26E-05 0,0005 0,319 0,251 1,284 2,76E-05 0,319 0,319 0,502 2,76E-05

1_4_7_HVGM 0,004 0,351 0,850 1,304 4,31E-05 0,352 0,351 1,700 4,31E-05 0,0005 0,319 0,251 1,284 2,76E-05 0,319 0,319 0,502 2,76E-05

1_11_3_HVGM 0,004 0,397 1,708 1,304 9,00E-05 0,398 0,397 3,416 9,00E-05 0,0005 0,319 0,027 1,284 2,76E-05 0,319 0,319 0,053 2,76E-05

1_11_4_HVGM 0,004 0,351 0,850 1,304 9,00E-05 0,351 0,351 1,700 9,00E-05 0,0005 0,399 0,251 1,284 2,76E-05 0,399 0,399 0,502 2,76E-05

1_6_3_VGM 0,004 0,397 1,710 1,304 9,00E-05 0,0005 0,319 0,251 1,284 2,76E-05

1_6_9_VGM 0,004 0,397 1,647 1,304 7,68E-05 0,0005 0,319 0,251 1,284 2,76E-05

2_1_3_VGM 0,004 0,397 1,239 1,304 9,00E-05 0,0005 0,319 0,251 1,284 2,76E-05

2_3_3_VGM 0,004 0,397 1,223 1,304 9,00E-05 0,0005 0,319 0,251 1,284 2,76E-05

initial parameters0,004 0,397 0,850 1,304 9,00E-05 0,398 0,397 1,700 9,00E-05 0,0005 0,319 0,251 1,284 2,76E-05 0,319 0,319 0,502 2,76E-05

ʻ r ʻ s ʰ n Ks ʻ m s̒w wh Ksw ʻ r ʻ s ʰ n Ks ʻ m s̒w wh Ksw

1_2_2_HVGM 0,001 0,424 0,118 1,142 1,98E-07 0,424 0,424 0,236 1,98E-07 0,010 0,43 0,200 1,200 9,00E-05 0,43 0,387 0,400 9,00E-05

1_2_6_HVGM 0,001 0,424 0,118 1,142 1,98E-07 0,424 0,424 0,236 1,98E-07 0,010 0,43 0,200 1,200 9,00E-05 0,43 0,387 0,400 9,00E-05

1_2_12_HVGM 0,001 0,424 0,118 1,142 1,98E-07 0,424 0,424 0,236 1,98E-07 0,010 0,43 0,200 1,200 9,00E-05 0,43 0,387 0,400 9,00E-05

1_4_6_HVGM 0,001 0,424 0,118 1,142 1,98E-07 0,424 0,424 0,236 1,98E-07 0,010 0,43 0,200 1,200 9,00E-05 0,43 0,387 0,400 9,00E-05

1_4_7_HVGM 0,001 0,424 0,118 1,142 1,98E-07 0,424 0,424 0,236 1,98E-07 0,010 0,43 0,200 1,200 9,00E-05 0,43 0,387 0,400 9,00E-05

1_11_3_HVGM 0,001 0,424 0,118 1,142 1,98E-07 0,424 0,424 0,236 1,98E-07 0,010 0,43 0,200 1,200 9,00E-05 0,43 0,387 0,400 9,00E-05

1_11_4_HVGM 0,001 0,424 0,118 1,142 1,98E-07 0,424 0,424 0,236 1,98E-07 0,010 0,43 0,200 1,200 9,00E-05 0,43 0,387 0,400 9,00E-05

1_6_3_VGM 0,001 0,424 0,118 1,142 1,98E-07 0,010 0,43 0,200 1,200 9,00E-05

1_6_9_VGM 0,001 0,424 0,118 1,142 1,98E-07 0,010 0,43 0,200 1,200 9,00E-05

2_1_3_VGM 0,001 0,424 0,118 1,142 1,98E-07 0,010 0,43 0,200 1,200 9,00E-05

2_3_3_VGM 0,001 0,424 0,118 1,142 1,98E-07 0,010 0,43 0,200 1,200 9,00E-05

initial parameters0,001 0,424 0,118 1,142 1,98E-07 0,424 0,424 0,236 1,980E-07 0,010 0,43 0,2 1,200 9,00E-05 0,43 0,387 0,400 9,00E-05

foundation aquifer

embankment fluvial
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(with metrics close to the best fit) while it shows a poorer performance in the simulation of the water 
content distribution. For this reason, obtaining an enhancement in the simulation of the water content is 
easier than in the simulation of the pwp distribution. 
 

 
Figure 29: Graphs presenting the comparison between the investigated indirect simulation (purple points) with the observed 
dataset (blue points) and the base simulation (red points) for each sensor. The indirect simulation 1_11_4 use a dataset of 
ƻōǎŜǊǾŀǘƛƻƴ Ǉƻƛƴǘǎ ƻŦ ǘȅǇŜ ΨΩǿŎΩΩΦ 
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Figure 30 Graphs presenting the comparison between the investigated indirect simulation (purple points) with the observed 
dataset (blue points) and the base simulation (red points) for each sensor. The indirect simulation 1_11_4 use a dataset of 
ƻōǎŜǊǾŀǘƛƻƴ Ǉƻƛƴǘǎ ƻŦ ǘȅǇŜ ΨΩtIΩΩΦ 

Despite a statistical analysis of the optimized parameters obtained after the 1st and 2nd calibration phases is 
not legitimate due to a non-uniformity of the conditions in which optimized parameters have been 
obtained (as explained extensively at the beginning of chapter §7_5), a standard normal distribution could 
be used to visualize the dispersion of the optimized values (blue dots) and of the parameters obtained by 
laboratory tests (red dots) for each parameter of the hydraulic models VGM and HVGM.  
This representation could give interesting information on the dispersion of the optimized parameters with 
respect to: 

- the type of observed datasets used in the inverse analysis (PH, wc, PH+wc),  






































































































































































































































































































































